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Abstract

Generative models have transformed various fields, particularly image synthesis, by pro-
viding a data-centric approach to visual content creation. This thesis investigates genera-
tive adversarial networks (GANs), a prominent class of generative models recognized for
their fast inference and control over synthesized outputs. Despite their advantages, GANs
encounter difficulties when scaling to large, diverse datasets, such as training instability
and mode collapse. To tackle these issues, we devise novel techniques and network archi-
tectures for scaling GANs. Our contributions encompass Projected GANs, which achieve
state-of-the-art performance on 22 benchmark datasets and train up to 40 times faster;
StyleGAN-XL, a GAN trained on ImageNet, constituting the new state-of-the-art; and
StyleGAN-T, a large-scale text-to-image synthesis model, the first GAN surpassing one
billion parameters in model-size. By progressing towards developing the first GAN foun-
dation model, we aspire to further enhance the field of generative artificial intelligence,
expanding its impact on image synthesis and unlocking new applications, such as real-time
image editing, personalized content generation, and interactive virtual experiences.
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Kurzfassung

Generative Modelle haben verschiedenste Bereiche transformiert, insbesondere die Bild-
synthese, durch einen datenzentrierten Ansatz zur Erstellung visueller Inhalte. Diese Arbeit
untersucht Generative Adversarial Networks (GANSs), eine Klasse von generativen Model-
len, die fiir ihre schnelle Inferenz und Kontrolle iiber synthetisierte Ergebnisse bekannt
sind. Trotz ihrer Vorteile stoBen GANs auf Schwierigkeiten beim Skalieren auf groBere
und vielfiltigere Datensitze, wie zum Beispiel Trainingsinstabilitdt und Modus-Kollaps.
Um diese Probleme zu 16sen, entwickeln wir neue Techniken und Netzwerkarchitektu-
ren zur Skalierung von GANs auf grofle Datensiitze. Unsere Beitrdge umfassen Projec-
ted GANSs, die den neuen Stand der Technik auf 22 Benchmark-Datensitzen darstellen
und bis zu 40-mal schneller trainieren; StyleGAN-XL, ein auf ImageNet trainiertes Mo-
dell, das hochauflosende Bilder (1024x1024) generiert; und StyleGAN-T, ein Text-zu-Bild-
Synthesemodell, das erste GAN, das aus mehr as einer Milliarde Parameter besteht. Indem
wir uns auf die Entwicklung des ersten GAN-Foundation Modell zubewegen, streben wir
danach, das Feld der generativen kiinstlichen Intelligenz weiter zu verbessern, seinen Ein-
fluss auf die Bildsynthese zu erweitern und neue Anwendungen freizuschalten, wie zum
Beispiel Echtzeit-Bildbearbeitung, personalisierte Inhaltsgenerierung und interaktive vir-
tuelle Erlebnisse.
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List of Figures

2.1

2.2

1D example. GANSs are trained by simultaneously updating the discrim-
inative distribution, D(X), to discriminate between samples from the data
generating distribution, pga, and samples from the generative distribu-
tion, pmodel- The lower horizontal line indicates the domain from which
z is sampled, in this case, from a standard normal distribution. The hori-
zontal line above represents part of the domain of x. The upward arrows
illustrate how the mapping x = G(z) transforms the initial z distribution.
(a) At the start of training, pgaa and pmoder have large non-overlapping re-
gions. (b) After an update to G, the gradient of D has guided G(z) to flow
to regions more likely to be classified as data. (c) After several steps of
training, G and D reach a point where both cannot improve further as pgat,
equals pmodel- At this stage, the discriminator cannot differentiate between
the two distributions, resulting in D(x) ~ 0.5, indicating that D is equally
likely to classify a sample as coming from either the data distribution or
the model distribution. The example and figures are from [74]. . . . . . .
Comparative overview of the generator architecture evolution in the
StyleGAN series. (a) A standard GAN uses a single, direct mapping
from the latent code z to the image. (b) StyleGAN introduces a two-step
process with a mapping network G,, and a synthesis network Gj. It first
maps the input to an intermediate latent space W, controlling the genera-
tor through Adaptive Instance Normalization (AdalN) at each convolution
layer. Noise B is added after each convolution, before the nonlinearity. The
mapping network consists of 8 layers and the synthesis network has 18 lay-
ers — two for each resolution from 4 x 4 to 1024 x 1024. (c) StyleGAN2
reduces artifacts by shifting normalization from individual feature maps to
convolutional kernels. It introduces changes to the original architecture,
including removing redundant operations at the beginning, moving the ad-
dition of bias b; and noise B to be outside the active area of a style, and
adjusting only the standard deviation per feature map. This revised archi-
tecture allows for the replacement of AdaIN with a demodulation operation
applied to the weights of each convolution layer. (d) StyleGAN3 addresses
the texture sticking problem using alias-free operations. The main path of
this generator consists of Fourier features and normalization, modulated
convolutions, and filtered nonlinearities. The figure is compiled of illustra-
tions from [115, 116, 114]. . . . . . . . . . . . . . ... ..
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1 Introduction

1.1 Motivation

The conventional approach to image synthesis, which involves digitally creating and
manipulating visual content, has been primarily grounded in computer graphics tech-
niques [69]. These techniques focus on generating photorealistic images with direct control
over semantic attributes, typically achieved by creating meticulously designed 3D mod-
els rendered using realistic camera and illumination models. In contrast, Generative Al
(GenAl) revolutionized various fields, particularly visual content creation, by offering a
data-centric approach. GenAl incorporates a range of generative models, such as generative
adversarial networks (GANs) [79] and diffusion models (DMs) [220], producing diverse
outputs based on the dataset they were trained on.

Contrary to traditional computer graphics methods, GenAl emphasizes the design of
training procedures, datasets, and input prompts instead of individual assets. This shift
brings several advantages: faster iteration and refinement of ideas and concepts, improved
results in challenging settings, such as movie dubbing [20] and photo filters [105], democ-
ratization via open-source and user-friendly tools [68, 80], and cost-effectiveness through
reduced manual labor.

Recently, GenAl has experienced a shift towards the utilization of foundation mod-
els [21]. Foundation models are pretrained on large-scale datasets and can be adapted for
different tasks with minimal finetuning. By transferring knowledge from their large-scale
pretraining stage, these models generalize more effectively and outperform task-specific
models. As a result, foundation models for image synthesis [183, 191, 194] have led to
new applications, such as synthesizing a given subject in different scenes and styles [73,
193], text-based image and video editing [65, 157, 26], and text-to-3d synthesis [176, 138].

Today’s foundation models for visual data are primarily DMs. Well-suited for scale train-
ing due to their stability and ability to manage large multi-modal datasets, DMs model the
data generation process as a reverse diffusion process, starting from a simple noise distri-
bution and gradually denoising to obtain the final data sample.

GANSs are another family of generative models, well known for their inference speed
and control over synthesized results via latent space manipulations. GANs consist of two
neural networks, a generator and a discriminator, that are trained simultaneously in a com-
petitive manner. The generator creates synthetic data, while the discriminator evaluates the
generated data’s authenticity. The objective is to improve the generator’s performance un-
til the discriminator can no longer differentiate between real and generated data. GANs
require only a single forward pass and are thus much faster than DMs. There has been no-
table progress in speeding up DMs [199, 112, 146], yet, GANs remain significantly faster.
High inference speed is crucial as it enables real-time applications and drastically reduces
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operating costs, which is especially valuable for emerging Al-as-a-service platforms such
as Adobe Firefly [4] and OpenAl DALL-E [169]. However, GANs have faced challenges
when scaling to larger and more diverse datasets, such as training instability and mode
collapse (where the model generates limited variations). Despite their unique advantages,
GANS s have yet to reach their full potential in large-scale applications.

This thesis addresses these challenges by developing techniques for scaling GANs to
leverage their strengths. We will explore the challenges of scaling GANSs to larger and
more diverse datasets and propose novel approaches to overcome these challenges. Ulti-
mately, our goal is to take steps toward building the first GAN foundation model, which
combines the benefits of foundation models with the strengths of GANs. By achieving this,
we aim to further advance the field of GenAl and its impact on image synthesis, opening
up new possibilities for applications such as real-time image editing, personalized content
generation, and interactive virtual experiences.

1.2 Applications of Generative Artificial Intelligence

GenAlI has numerous applications, including image synthesis [17], natural language pro-
cessing [27], drug discovery [23], code generation [36], and mathematics [133]. This thesis
primarily focuses on improving GANSs for image synthesis, and we will highlight potential
applications for image synthesis models in the following.

Entertainment and Media. GenAl can streamline the creation of visual effects, anima-
tions, or entire scenes in movies or television shows, significantly reducing time and effort
for manual content creation. GenAl also has potential applications in gaming, enhancing
the realism and diversity of game environments.

Design and Fashion. GenAl has the potential to generate original artwork, graphic de-
signs, or illustrations by learning from existing art styles and datasets. Artists and designers
can use these models as creative tools to explore new styles, generate ideas, or enhance their
creations. In the fashion industry, generative models can facilitate the design of new cloth-
ing, accessories, or patterns by learning from prevailing trends and styles. This approach
can support designers in discovering innovative concepts and predicting future trends.

Adpvertising and Marketing. GenAl can generate personalized advertisements, product
mockups, or promotional materials tailored to specific target audiences or preferences,
enabling businesses to create more engaging and effective marketing campaigns.

Synthetic Training Data. GenAl can create synthetic training data for applications where
real data is scarce or expensive, effectively addressing data limitations in various domains.
Training models on a mix of synthetic and real data makes it possible to achieve more ro-
bust and accurate models that can handle diverse situations [201, 14]. Additionally, GenAl
provides precise control over the generated data, thereby improving their suitability for
various applications, such as dense visual alignment [172].
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1.3 Contributions of the Thesis

In this thesis, we propose several novel training strategies and neural networks architecture
for GANs:

* Projected GANSs, which project real and generated samples into a pretrained fea-
ture space and mix features across channels and resolutions. This approach achieves
state-of-the-art performance on 22 benchmark datasets, up to 40 times faster to train
than previous methods.

» StyleGAN-XL, a generative model trained on ImageNet [48] using Projected
GAN’s powerful neural network priors and a tailored, progressive growing strategy.
StyleGAN-XL generates high-quality images at a resolution of 1024 x 1024 and can
invert and edit images of diverse object classes.

* StyleGAN-T, a large-scale text-to-image synthesis model that addresses the require-
ments of stable training on large image-text datasets, controllable fidelity vs. text
alignment tradeoff, and strong text alignment. StyleGAN-T achieves state-of-the-art
performance at a resolution of 64 x 64 and outperforms previous GANs at higher
resolutions.

The above-mentioned contributions are part of three research papers [203, 206, 205]
published at machine learning and computer graphics conferences. Please see Appendix A
for a credits discussion.

1.4 Outline of the Thesis

We have organized the thesis into six sections. In Chapter 2, we provide an overview of
generative modeling and delve into the landscape of models, with a particular emphasis
on examining StyleGAN. We also review the challenges of distributed training of neural
networks and discuss how training data is obtained at scale. Next, we introduce a new
paradigm for training GANs in Chapter 3, which we refer to as Projected GANs. Chapter 4
details our training strategy for scaling GANs for image synthesis on ImageNet. In Chap-
ter 5, we develop a method for scaling GANs to hundreds of millions of image-text pairs.
Chapter 6 contrasts the three different approaches in a comparative study. Finally, Chap-
ter 7 concludes the thesis by discussing the general limitations of GANs and assessing their
potential future role in the generative model landscape.
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Our primary aim is to explore the scalability of GANs. To lay the foundation for our in-
vestigation, we provide an overview of the generative model landscape, elucidating the
differences between GANs and other models. We begin by discussing the core princi-
ples of generative modeling. Next, we offer a comparative analysis of three key generative
model classes: Autoregressive Models (ARMs), which decompose sequences into condi-
tional probabilities; Diffusion Models (DMs), employing a noise-removing iterative pro-
cess; and GANS, built on a competitive framework between a generator and a discriminator.
Building on this general overview, we delve deeper into the basics of GAN training, fol-
lowed by a discussion of StyleGAN, a modern instantiation of GANSs. Lastly, we discuss
common strategies for scaling neural network training and datasets.

2.1 Deep Generative Modeling

Generative modeling is a branch of machine learning that aims to learn the underlying
probability distribution pga, (X) of the data x, enabling the creation of new data samples that
resemble the training data. These models capture the inherent structure and patterns within
the data. Deep generative modeling, in particular, utilizes deep neural networks [78], which
are flexible and powerful, making them a popular choice for parameterizing generative
models. Moving forward, our discussion will focus exclusively on deep generative models.
Generative models can be categorized into four main groups following Tomczak [228]:

* Autoregressive Generative Models (ARM): ARMs generate new data samples by
decomposing the joint probability distribution of a sequence into a product of con-
ditional probabilities. This approach allows the model to generate data sequentially,
one element at a time.

* Flow-Based Models: Flow-based models utilize invertible transformations to map
data from a simple distribution (e.g., Gaussian) to a more complex one. This bijective
mapping enables efficient sampling and exact likelihood computation.

» Latent Variable Models: These models learn a compact, lower-dimensional la-
tent representation of the data for generating new samples. This group encom-
passes various models with varying objectives, including Variational Autoencoders
(VAESs) [117], GANs, and, under specific assumptions, DMs.

* Energy-Based Models: Energy-based models define an energy function to measure
the compatibility between the data and the model. These models aim to learn the
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data distribution by minimizing the energy of real data points and maximizing the
energy of generated samples.

In the following, we will primarily focus on ARMs, DMs, and GANs. GANs are the central
subject of this thesis, while ARMs and DMs have been chosen for comparison as they
currently demonstrate the best scalability among all deep generative model classes. For a
more extensive treatment of other model classes, we refer the reader to [228].

2.1.1 Autoregressive Models

Autoregressive Models (ARMs) decompose the data distribution pg,,(X) into several less
complex conditional distributions. ARMs treat pga(X) as a joint distribution that can be
factorized via the product rule as follows

s

Paaa(X) = p(x0) | | p(xi [ X<i)

=1

where x.; represents all X’s up to i-th entry. In NLP, this decomposition is quite natural
as it corresponds to token-by-token prediction . For image synthesis, a model can predict
pixel-by-pixel [37] or token-by-token in a pretrained latent space [67].

Modeling all conditional distributions p(x; | X<;) becomes intractable for long se-
quences. To address this, ARMs make a strong conditional independence assumption,
where each variable’s prediction depends only on a fixed number of previous variables
rather than the entire history of the sequence. ARMs can be represented by deep neu-
ral networks, which use causal temporal convolutions to represent the variable’s history
more effectively. These models can also incorporate residual connections and dilated con-
volutions, which improve training dynamics and reduce the computational complexity to
improve their performance [167]. An important model class is transformers [236], which
uses self-attention layers instead of convolutions.

Advantages. ARMs provide multiple benefits, especially in NLP, where they play a cru-
cial role. These models are optimized via a maximum-likelihood objective, which is stable
and scalable. Also, their training is straightforward since they do not require backpropa-
gation through time (BPTT) needed for training recurrent neural networks (RNNs) [94].
Furthermore, they enable flexible generation of diverse outputs at any stage during the sam-
pling process. For instance, the model can formulate multiple plausible continuations for a
given sequence. Similarly, for image generation, the model can first produce the upper half
of the image (or is given a partial view of a real image) and then generate various distinct
possibilities for the bottom half [35].

Disadvantages. The main drawback of autoregressive models is their inherent sequential
nature. They produce data points in sequence, leading to slower synthesis and inference,
particularly in high-dimensional spaces such as high-resolution images. This limitation can
impact computational efficiency and hinder real-time applications.

In NLP, a token refers to a meaningful unit of text such as a word, punctuation mark, or symbol.
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Applications. Autoregressive models are widely employed in text [52, 27, 260], im-
age [235, 37, 253], and audio synthesis [167, 238]. Currently, Parti [253] is the lead-
ing model for large-scale image synthesis. Parti generates high-fidelity, photorealistic im-
ages by approaching text-to-image generation as a sequence-to-sequence modeling prob-
lem. Utilizing a Transformer-based image tokenizer [252] and scaling the encoder-decoder
transformer model to 20 billion parameters, Parti achieves state-of-the-art results in image
synthesis tasks.

2.1.2 Diffusion Models

Diffusion-based generative models [219] (DMs) are a class of latent variable models, sim-
ilar to Variational Autoencoders (VAEs) [117]. However, the concept that sets them apart
is their unique approach to generating data - by reversing a diffusion process.

Following [112], we denote the data distribution by pgar, (X) with standard deviation Ogag,
and generate a family of mollified distributions p(x; &) by adding independent, identically
distributed Gaussian noise of standard deviation ¢ to the data. When 0,4, is significantly
greater than Ggag,, p(X; Omay) is essentially Gaussian noise. For generating samples, we first
randomly sample a noise image Xo from a normal distribution and sequentially denoise it
into images x; with decreasing noise levels from 6y = G, to oy = 0. Each image x; is
distributed according to p(x;; 0;), and the final image xy aligns with the data distribution.

The sequential nature of DMs opens up several interesting design spaces, including sam-
pling decisions such as the selection of the solver and the determination of steps, training
considerations like loss weighting and noise distribution, and aspects of network archi-
tecture like input and output scaling and conditioning. For a detailed treatment, we refer
to [112].

Advantages. DMs are notably stable, robust, and relatively easy to train, making them
suitable for fast experimentation and training at scale. Furthermore, they are recognized
for their sample diversity and the ability to avoid mode collapse, a common problem with
other generative models like GANs. While sampling from DMs can be time-consuming,
the iterative process allows for continuous refinement of the results, leading to high-quality
outputs. A method called classifier-free guidance [93], which trades off diversity for sam-
ple quality, plays a crucial role in achieving high-quality outputs with DMs and generally
outperforms comparable methods like classifier guidance for DMs [54] or truncation for
GANS [148].

Disadvantages. DMs utilize a sequential sampling process that significantly impacts their
speed. While there has been notable progress in speeding up DMs [199, 112, 146], they still
lag behind GANs regarding inference speed. Another disadvantage is that DMs maintain
the dimensionality of the input throughout the entire model, lacking a bottleneck mecha-
nism, similar flow-based models [119]. This characteristic prevents DMs from generating
a compressed, low-dimensional representation of the data, which could be beneficial for
downstream tasks and provide insights into the underlying structure of the data.

Applications. DMs have become increasingly prevalent in image synthesis. They are em-
ployed in both unconditional [91, 165, 221] and conditional [54, 164, 191, 194, 183] con-
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texts. Several foundational models such as Dalle-2 [183], Imagen [194], and Stable Diffu-
sion [191] demonstrate the capabilities of DMs when applied to image synthesis at scale.
Building upon these foundational models, a typical application has been creating person-
alized DMs [193, 73, 156]. These models synthesize novel images of the same subject in
various contexts and styles. Furthermore, DMs can be fine-tuned on smaller, task-specific
datasets to produce high-quality samples. While a foundational model can generate almost
anything imaginable, it might struggle with more specific subjects like human faces or
hands. Fine-tuning on high-quality data allows for improved performance on these partic-
ular tasks but at the expense of the model’s generality. In essence, quality is traded for
generality. This fine-tuning process can be executed with just a fraction of the computa-
tional resources required for training the initial foundational model.

2.1.3 Generative Adversarial Networks

Generative Adversarial Networks (GANs) [79] employ a generator (G) and a discriminator
(D) which compete with each other in a zero-sum game. This adversarial setup results
in a model where the generator creates synthetic data resembling the real data, and the
discriminator aims to distinguish between the real and generated data. GANs are often
referred to as implicit models because they do not explicitly define the probability of the
data distribution but learn to generate new samples through a learned transformation of a
random noise vector. GAN training can be described as a two-player minimax game with
a value function V (G, D):

V(D,G) = (Ex-py, 102 D(X)] + By, [log(1 ~ D(G(2))))) 2.1)

where x represents real data, z is a latent vector, D(x) is the discriminator’s estimate of the
probability that x is real, and G(z) is the generator’s output given z. A common approach
to improve the fidelity of generated samples in GANSs is the truncation trick [148, 25,
115]. This method limits the range of the latent space, moving sampled latents z towards
the mean of the original distribution, effectively sacrificing diversity to enhance sample
quality.

Advantages. The generator network produces outputs in a single forward pass rather than
sequentially, making the generation process highly efficient and fast. The direct generation
of samples also allows for the incorporation of additional losses to guide training. Exam-
ples include clip guidance for enhanced image-text alignment [205] and gaze loss to better
match the gaze between a driving frame and neural head avatar [62]. GANSs also establish
a “meaningful’ latent space, where minor, linear alterations in the latent vector — referred
to as a latent walk — yield plausible and semantically coherent changes in the output. This
enables smooth sample transitions and is widely utilized in image editing tasks, where a
latent walk is performed in a direction correlating to semantic modifications or alterations
in viewpoint or lighting [1, 46, 173, 5, 233].

Disadvantages. GANSs are notoriously hard to train, as they optimize a saddle-point prob-
lem, which is generally more challenging than local optimization problems [152]. The dual
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optimization of generator and discriminator often introduces unstable dynamics, which
leads to sub-optimal solutions. Commonly, regularization can stabilize the training [151,
153], which, however, can impair overall performance when scaling to larger datasets [24].
A common problem in GAN training is mode collapse, where the generator starts produc-
ing a limited variety of samples, thus collapsing multiple modes of the true data distribution
into a single mode. Mode collapse limits the diversity of generated samples, and the model
fails to represent the broader data distribution. Lastly, tracking the training progress is
challenging as the losses are not informative of the current sample quality or diversity. The
GAN loss function primarily represents the competition between the generator and dis-
criminator rather than the quality of the generated data [22]. Consequently, a proxy metric,
such as the Fréchet Inception Distance (FID) [90], is often used, which can exhibit blind
spots regarding the perceptual quality of certain categories like human faces [128].

Applications. GANSs have established themselves as the standard model for image syn-
thesis on small to medium-sized unimodal datasets such as FFHQ [116] or LSUN [251].
They have also found widespread applications in image-to-image translation tasks [103,
170] and superresolution tasks [241, 240]. Besides image synthesis, GANs are commonly
used for audio synthesis [122] and anomaly detection [55]. Real-time applications are
another promising area for GANs, with the emergence of technologies like neural head
avatars [62] and photorealism enhancement [188]. On large-scale image synthesis, models
like BigGAN [24] have showcased the potential of GANSs, although its impressive results
have since been surpassed by DMs [54]. Interestingly, after the initial success of BigGAN,
no bigger models have been trained, indicating the challenges associated with scaling up
GAN:S.

2.2 The Basics of GAN Training

GANSs are commonly trained in alternating fashion. We discuss the standard training al-
gorithm and use a simple one-dimensional example to demonstrate how GANs function
intuitively. Subsequently, we offer a brief discussion on the topic of regularization. For an
in-depth review concerning different training approaches, adversarial losses, and regular-
ization terms, we refer to [244].

Training Algorithm. The initial step in training GANs involves updating the discriminator
D. First, an equal number B of real data points, X;, and latent vector samples, z;, are drawn.
The latter is utilized to generate samples, X;, = G(z). Initially, Goodfellow et al. [78]
propose to perform the discriminator update k times, yet, they set k to 1. Setting k to
1 is also common in practice, and we, therefore, assume a single discriminator step per
generator step, simplifying the overall algorithm. After every iteration, the discriminator’s
weights wp are updated through stochastic gradient ascent, according to

1 B
VW"E Z logD(xp) +1og(1 — D(G(zp))) (2.2)
h=1

Following this, the generator receives an update. Fresh samples of the latent vector, z,
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are drawn, and the generator’s weights wg are updated via
1 B
Vweg 2 log(1 = D(G(z))) (2.3)
b=1

The algorithm is terminated when the training converges; convergence is usually measured
by independent proxy metrics such as FID, as mentioned in Section 2.1.3. The training
algorithm is summarized in Algorithm 1.

Algorithm 1 Training GANs

1: while not converged do

2 Draw B training samples {Xj,...,Xg} from pg4,(x)

3 Draw B latent samples {zi,...,zp} from p(z)

4 Update the discriminator D by ascending its stochastic gradient:
5 Voo 5 X2 logD(x;) +log(1 — D(G(z,))
6
7
8

Draw B latent samples {zi,...,zg} from p(z)

Update the generator G by descending its stochastic gradient:
0 Vao s X4 log(1 - D(G(z)))
10: end while

1D example. We can understand the training process of a GAN better by considering a
simple example with a linear generator

x~N(u,0)
z~N(0,1)
G(z) = w§ +wiz

D(x) = o(wh +wPx+whx?)

The given data distribution and the prior are two 1D Gaussians and we initialize
G(z) = z and D(x) = 0(x), i.€., Pmoder(x) = N (x]0,1). Our goal is to train wg and wp
such that pyoger(X) = Paara(x) = N (x|, ). We visualize the training process in this setup
in Fig. 2.1.

Regularizing Training Dynamics. Arjovsky et al. [13] highlight that Lipschitz continuity
of the discriminator with respect to its input space is essential for achieving stable training.
Intuitively, Lipschitz continuity places a bound on how much the output of a function (in
this case, the discriminator) can change in response to changes in the input. Formally, a
discriminator D is said to be Lipschitz continuous if the following inequality holds

ID(x1) — D(x2)| < K|x; —Xa, (2.4)

where K > 0 is a Lipschitz constant and x; are vectors in the input space. Enforcing Lip-

10
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Figure 2.1: 1D example. GANs are trained by simultaneously updating the discriminative
distribution, D(X), to discriminate between samples from the data generating distribution,
Pdatas and samples from the generative distribution, pyeqe. The lower horizontal line indi-
cates the domain from which z is sampled, in this case, from a standard normal distribution.
The horizontal line above represents part of the domain of x. The upward arrows illustrate
how the mapping x = G(z) transforms the initial z distribution. (a) At the start of training,
Pdata And Pmodel have large non-overlapping regions. (b) After an update to G, the gradient
of D has guided G(z) to flow to regions more likely to be classified as data. (c) After several
steps of training, G and D reach a point where both cannot improve further as pgq., equals
DPmodel- At this stage, the discriminator cannot differentiate between the two distributions,
resulting in D(x) = 0.5, indicating that D is equally likely to classify a sample as coming
from either the data distribution or the model distribution. The example and figures are
from [74].

schitz continuity often involves gradient penalties. These penalties bound the magnitude
of the gradients to ensure that they stay within a specified range. A common and effective
regularization method for this purpose is the R1 Regularization [151], defined as:

A
L1 = 5 Exp VD)) 25)

Here, VD(x) is the gradient of the discriminator output with respect to its input. The term
A is a hyperparameter that regulates regularization strength. R1 regularization augments
the GAN value function V (G, D) as follows

V(D,G) = Expy,, |logD(x) - %HVD(X) | +Eznp, [log(1 = D(G(2)))] (2.6)

R1 Regularization aims to prevent the discriminator from deviating from the Nash Equi-
librium, where neither the generator nor the discriminator can improve their performance
by changing their strategies by penalizing the gradient on real data alone. When the gen-
erator distribution aligns with the true data distribution and the discriminator evaluates to
zero on the data manifold, the gradient penalty ensures that the discriminator cannot create
a non-zero gradient orthogonal to the data manifold without incurring a loss.

Another way of ensuring Lipschitzness in the discriminator is normalizing its weights.
Spectral Normalization [154] is the most widely used method for GAN training. This

11
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method ensures Lipschitz continuity by constraining the spectral norm, the largest singu-
lar value of the weight matrix, of each layer in the discriminator network. This constraint
effectively controls the Lipschitz constant.

2.3 StyleGAN: A Style-Based Generator Architecture

StyleGAN [115] emerged as a breakthrough in generative modeling, being the first to
achieve impressive photorealism at high-resolution image synthesis. The distinctiveness
of StyleGAN lies not only in its remarkable results but also in the unique aspects that de-
fine it: its peculiar architecture, as depicted in Fig. 2.2, and its well-engineered training
strategy. Furthermore, StyleGAN exhibits characteristics beyond merely reproducing sam-
ples from the target distribution. Karras et al. [115] observed that StyleGAN establishes a
remarkably structured latent space. This structure is achieved without any explicit supervi-
sory signal. Such a structured, disentangled latent space can be leveraged for downstream
tasks like image editing. While an expansive body of literature exists on leveraging Style-
GAN for diverse editing tasks, our primary emphasis will be on its general architecture and
training strategy. For a comprehensive review of downstream applications of StyleGAN,
we direct readers to the survey by Bermano et al. [17].

2.3.1 Network Architecture

StyleGAN, adhering to the GAN setup, comprises a generator and a discriminator. Notably,
it shifted the research focus from discriminator modifications [63, 158, 239] to generator
design.

Generator. A StyleGAN generator comprises a mapping network G, and a synthesis
network Gj;. First, G,, maps a normally distributed latent code z to a style code w. This
conversion process is executed to align the probability of sampling a distinct combina-
tion of image attributes in the latent space with their respective frequencies in the dataset.
This style code w is then used for modulating the convolution kernels of Gy to control
the synthesis process. The synthesis network, G;, proceeds from a constant spatial input.
The input undergoes a sequence of operations, including convolutions, non-linearities, and
upsampling over N layers to generate an image. Fig. 2.2 provides an overview of the Style-
GAN generator architectures in comparison to a standard GAN.

Discriminator. StyleGAN builds upon the architecture of its predecessor, ProgGAN [111],
utilizing the same discriminator — a standard convolutional neural network (CNN). This
discriminator features a unique minibatch standard deviation layer. This layer calculates
batch statistics and feeds this information into the discriminator’s penultimate layer, which
can improve the diversity of the generated images. Karras et al. [116] thoroughly inves-
tigate different discriminator architectures and settle on a residual architecture. Despite
numerous attempts to update the discriminator, including different architectural designs
like a U-Net discriminator [207] and vision transformers [132], the standard StyleGAN2
discriminator remains the most popular choice due to its proven effectiveness and reliabil-
ity across diverse applications.

12
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Figure 2.2: Comparative overview of the generator architecture evolution in the Style-
GAN series. (a) A standard GAN uses a single, direct mapping from the latent code z to
the image. (b) StyleGAN introduces a two-step process with a mapping network G, and a
synthesis network Gg. It first maps the input to an intermediate latent space W, controlling
the generator through Adaptive Instance Normalization (AdalN) at each convolution layer.
Noise B is added after each convolution, before the nonlinearity. The mapping network
consists of 8 layers and the synthesis network has 18 layers — two for each resolution
from 4 x 4 to 1024 x 1024. (c) StyleGAN?2 reduces artifacts by shifting normalization from
individual feature maps to convolutional kernels. It introduces changes to the original ar-
chitecture, including removing redundant operations at the beginning, moving the addition
of bias b; and noise B to be outside the active area of a style, and adjusting only the stan-
dard deviation per feature map. This revised architecture allows for the replacement of
AdalN with a demodulation operation applied to the weights of each convolution layer. (d)
StyleGAN3 addresses the texture sticking problem using alias-free operations. The main
path of this generator consists of Fourier features and normalization, modulated convo-
lutions, and filtered nonlinearities. The figure is compiled of illustrations from [115, 116,
114].

2.3.2 The Evolution of StyleGAN

Further advancements in StyleGAN’s architecture, marked by iterations such as Style-
GAN2 [116] and StyleGAN3 [114], continually address and reduce artifacts specific to
the model, improving the overall quality of generated images.

In its initial architecture, StyleGAN adopts adaptive instance normalization
(AdalN) [97], which normalizes each channel of the feature maps to zero mean and unit
variance, followed by a re-scaling process using new means and variances derived from
the given latent code. One challenge encountered with AdalN is the loss of information be-
tween different channels, leading to water droplet-like artifacts as shown in Fig. 2.3 (Left).
Normalization can be shifted from individual feature maps to a modulation of the convo-
lutional kernels to resolve this. The resulting normalization is based on expected feature
statistics rather than exact signal strength, eradicating the need to obscure signal strength
information and thus eliminating these artifacts. The redesigned generator architecture is
shown in Fig. 2.2 (c).

13
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StyleGAN StyleGAN2 StyleGAN3

StyleGAN2

Figure 2.3: Artifacts in StyleGAN and StyleGAN?2. Left: Adaptive Instance Normalization
(AdalN) in StyleGAN leads to systemic water droplet-like artifacts in all generated images,
evident in all feature maps from the 64x64 resolution onward. Right: An example of texture
sticking. StyleGAN?2 retains hair details at the same coordinates during a latent space
interpolation, resulting in unwanted horizontal streaks. Ideally, the hair should animate
smoothly, creating a time-varying field as demonstrated by the alias-free StyleGAN3. The
visualizations are from [115, 116].

« Latent Interpolation —  « Latent Interpolation —

StyleGAN3 [114] directly addresses the issue of fexture sticking, a phenomenon where
finer details, like hair or beard, appear rigidly tied to pixel coordinates, see Fig. 2.3 (Right).
To mitigate this issue, StyleGAN3 introduces an architecture that promotes a more natural
transformation hierarchy, such that the precise sub-pixel position of each feature is ex-
clusively derived from the underlying coarse features. Towards this goal, StyleGAN3 em-
ploys alias-free primitive operations which ensure no preferred positions for the generated
features, achieving translation equivariance. An upsampling and downsampling operation
wraps each non-linearity to prevent aliasing. The low-pass filters used in these operations
are designed to balance image quality, antialiasing, and training speed. While StyleGAN
and StyleGAN?2 utilize a learned constant, StyleGAN3 opts for constant Fourier features
to enable direct control over a sample’s rotation and translation. The StyleGAN3 generator
is depicted in Fig. 2.2 (d).

2.3.3 Advanced Training Methods

In the training process of GANs, achieving stability presents a significant challenge.
Equally important is the quality of the learned representation, which impacts the effec-
tiveness of downstream tasks. For instance, a smoother latent space enables more efficient
GAN inversion [116]. In the following, we highlight advanced techniques to train Style-
GAN effectively. These methods complement the basic techniques, e.g., gradient penalties,
introduced earlier in Section 2.2. The techniques below were introduced for StyleGAN
training but broadly apply to GAN training in general. An exception is latent space regu-
larization, which is specific to StyleGAN.
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Progressive Growing. As proposed by Karras et al. [111], progressive growing is a GAN
training method that incrementally increases image resolution by progressively adding lay-
ers to the generator and discriminator. This process allows the model to grasp the large-
scale image structure initially before incrementally adding finer details. The generator and
discriminator networks grow synchronously, with new layers smoothly blended in. This
strategy enhances stability, speeds up convergence due to more efficient training of smaller
networks at lower resolutions, and improves the overall sample quality.

Differentiable Augmentation. Differentiable Augmentation for GANs [113, 264, 234,
266] addresses the challenge of training GANs on small datasets. In the setting of small
datasets, the discriminator easily overfits, which results in meaningless feedback to the
generator [114]. These methods utilize a range of augmentations to prevent overfitting
while ensuring that the augmentations do not leak into the generated images. Augmentation
leakage is a common issue that deteriorates sample quality. A critical insight of these works
is that the best results are achieved by applying augmentations to both real and generated
images.

Regularizing the Latent Space. Style mixing and path length regularization are methods
for regularizing style-based generators. In style mixing, an image is generated by indepen-
dently feeding sampled style codes w into different layers of G;. Path length regularization
encourages that a step of fixed size in latent space results in a corresponding fixed change
in pixel intensity of the generated image [116]. This inductive bias leads to a smoother gen-
erator mapping and has numerous advantages, including fewer artifacts, more predictable
training behavior, and better inversion.

2.4 Scaling Neural Networks

In this thesis, we initially investigate GANs in a small-scale context, employing single-
GPU configurations and smaller datasets. We then move toward more complex multi-node,
multi-GPU setups and handling datasets comprising hundreds of millions of data points.
The following section provides a focused overview of the challenges inherent in scaling
neural networks along three key dimensions: model size, computational capacity, and data
volume.

2.4.1 Scaling Model Size

AlexNet [126] was the first to demonstrate the importance of larger datasets and mod-
els for the performance of neural networks. This demonstration led to a trend towards
larger scales in machine learning, contributing to the development of various architectures.
Among these, the Transformer [236] stands out, especially in the field of NLP, due to its
flexibility stemming from its lack of inductive bias. GPT-3 [27] exemplifies how the model
size and data scaling can enhance model generalization. Likewise, Vision Transformers
(ViT) [57] have been developed for computer vision tasks. ConvNexts [145] have also af-
firmed the effectiveness of CNNs in this domain, an architecture that successfully competes
with ViTs.
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2 Background

The development of these novel architectures has enabled scaling to more complex tasks
than just classification, particularly when moving to text labels. A prime example of this
shift is Contrastive Language-Image Pre-Training (CLIP) [178]. CLIP demonstrates the ca-
pabilities of large-scale models in dealing with tasks that require both vision and language
processing.

Normalization techniques are a critical building block of modern neural network archi-
tecture and are similarly essential for successfully training GANs. While efficient, Batch-
Norm [102] presents challenges in large-scale neural network training due to the compu-
tational demands of synchronizing batch statistics during distributed training. Therefore,
LayerNorm [15] and GroupNorm [246] are commonly preferred for their superior scalabil-
ity. However, within GANSs’ discriminator architectures, BatchNorm is often employed to
enable the discriminator to process batch information effectively. The Minibatch Standard
Deviation Layer [111] can constitute a viable alternative.

2.4.2 Scaling Compute

Distributed training is essential for handling large datasets, speeding up training time, and
accommodating models too large to fit into the memory of a single machine. Furthermore,
it offers scalability, permitting the utilization of additional resources as datasets expand
and models grow. Two primary methods for distributing neural network training across
multiple accelerators, such as GPUs or TPUs [108], are model parallelism and data paral-
lelism [255].

* Data Parallelism. In data parallelism, a copy of the model is placed on each device,
and each device computes the output and the model’s gradient for a unique subset of
the data. Before updating the model, the gradients are combined across all devices,
typically through averaging. This method is commonly used when the model fits on
a single device.

* Model Parallelism. In model parallelism, different parts of the model are placed on
different devices, and each device computes the output and the gradient of its part
of the model. This method is typically used when the model is too large to fit on a
single device [253]. The communication between devices can become a bottleneck,
as different parts of the model must exchange intermediate results.

Various strategies have been proposed to mitigate the communication bottleneck intro-
duced by model parallelism. GPipe [99], for instance, pipelines sub-sequences of layers
across different accelerators. This method reduces the communication overhead and allows
computation and communication to overlap, using the available computational resources
more effectively. Data Parallelism and model parallelism can be combined by splitting the
model and the data across multiple devices, known as hybrid parallelism. In this work, we
will leverage data parallelism since our biggest model is still small enough to fit on a sin-
gle GPU; hence, there is no need to introduce additional communication overhead through
model parallelism.
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2.4 Scaling Neural Networks

Figure 2.4: Evolving Complexity in Generative Modeling Datasets. Shown are sample
images from a selection of datasets used in generative modeling research. From left to
right: CIFARI0 (2009) [125], FFHQ (2020) [116], ImageNet (2009) [48], and LAION-5B
(2022) [208]. These samples underscore the increasing complexity trend in datasets over
time. Despite FFHQ being introduced later than ImageNet, it’s noteworthy that generative
models producing sample quality on par with those trained on FFHQ only appeared re-
cently [53, 92].

2.4.3 Scaling Datasets

Machine learning datasets, particularly in computer vision, NLP, and generative modeling,
exhibit an ongoing trend toward increased size and complexity. ImageNet [48] is a notable
milestone in computer vision, instigating a series of subsequent advancements. Proprietary
datasets such as Instagram-1B [249] and JFT300M [249] have been assembled for class-
conditional pre-training at a larger scale.

Following the efforts to compile large image datasets with class labels, the focus has
expanded toward creating image-text datasets. Pioneering works such as MS-COCO [140]
and Visual Genome [124], which leverage human annotation, have produced high-quality
labels, albeit limited to 330K and 5M examples, respectively. The web-harvested YFCC-
100M dataset [227] broadens the scale to about 99 million images and one million videos.
Further enhancements, such as the Conceptual Captions dataset (CC3M) [211], and its
successor CC12M [34] utilize web-collected images and alt-text, incorporating additional
data cleaning. An open-source effort, LAION-5B [208], amassed 5.85 billion CLIP-filtered
image-text pairs, with 2.32B in English, while the remaining are multilingual. The latest
open-source large-scale dataset, DataComp [71], provides 12.8 billion image-text features
and a multi-scale design that facilitates studying scaling trends and provides accessibility
to researchers with varying resources.

Generative modeling research progressively shifted towards more complex datasets,
from CIFARIO [125], a dataset of 60,000 samples at a 32x32 pixel resolution, to
FFHQ [116], a high-resolution (1024x1024 pixels) face dataset with 70,000 samples. Re-
cent advancements in diffusion models demonstrate impressive performance on large and
diverse datasets like ImageNet and LAION-5B, effectively utilizing data at scale. Fig-
ure 2.4 displays a selection of dataset samples, underlining the increasing complexity of
datasets over time.
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3 Leveraging Pretrained Feature Networks
for GAN Training

3.1 Introduction

In GAN training, the generator’s task is to generate an RGB image; the discriminator aims
to distinguish real from fake samples. On closer inspection, the discriminator’s task is
two-fold: First, it projects the real and fake samples into a meaningful space, i.e., it learns a
representation of the input space. Second, it discriminates based on this representation. Un-
fortunately, training the discriminator jointly with the generator is a notoriously hard task.
While discriminator regularization techniques help to balance the adversarial game [127],
standard regularization methods like gradient penalties [150] are susceptible to hyperpa-
rameter choices [115] and can lead to a substantial decrease in performance [24].

In this chapter, we explore the utility of pretrained representations to improve and sta-
bilize GAN training. Using pretrained representations has become ubiquitous in computer
vision [184, 121, 123] and natural language processing [181, 175, 96]. While combining
pretrained perceptual networks [217] with GANs for image-to-image translation has led to
impressive results [223, 239, 188, 66], this idea has not yet materialized for unconditional
noise-to-image synthesis. Indeed, we confirm that a naive application of this idea does
not lead to state-of-the-art results as strong pretrained features enable the discriminator to
dominate the two-player game, resulting in vanishing gradients for the generator [11]. In
the following, we demonstrate how these challenges can be overcome and identify two
key components for exploiting the full potential of pretrained perceptual feature spaces for
GAN training: feature pyramids to enable multi-scale feedback with multiple discrimina-
tors and random projections to better utilize deeper layers of the pretrained network.

We conduct extensive experiments on small and large datasets with a resolution of up to
10242 pixels. Across all datasets, we demonstrate state-of-the-art image synthesis results
at significantly reduced training time. We also find that Projected GANSs increase data
efficiency and avoid the need for additional regularization, rendering expensive hyperpa-
rameter sweeps unnecessary.

We categorize related work into two main areas: utilizing pretrained representations for
GAN training and discriminator design.

Pretrained Models for GAN Training. Work on leveraging pretrained representations
for GANs can be divided into two categories: First, transferring parts of a GAN to a new
dataset [155, 85, 242, 263] and, second, using pretrained models to control and improve
GAN:Ss. The latter is advantageous as pretraining does not need to be adversarial. Our work
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falls into this second category. Pretrained models can be used as a guiding mechanism
to disentangle causal generative factors [204], for text-driven image manipulation [171],
matching the generator activations to inverted classifiers [215, 98], or to generate images
via gradient ascent in the latent space of a generator [163]. The non-adversarial approach of
[200] learns generative models with moment matching in pretrained models; however, the
results remain far from competitive to standard GANs. An established method is the com-
bination of adversarial and perceptual losses [106]. Commonly, the losses are combined
additively [59, 239, 197, 131, 66]. Additive combination, however, is only possible if a
reconstruction target is available, e.g., in paired image-to-image translation settings [269].
Instead of providing the pretrained network with a reconstruction target, Sungatullina et
al. [223] propose to optimize an adversarial loss on frozen VGG features [217]. They show
that their approach improves CycleGAN [269] on image translation tasks. In a similar vein,
[188] recently proposed a different perceptual discriminator. They utilize a pretrained VGG
and connect its features with the prediction of a pretrained segmentation network. The
combined features are fed into multiple discriminators at different scales. The two last ap-
proaches are specific to the image-to-image translation task. We demonstrate that these
methods do not work well for the more challenging unconditional setting where the entire
image content is synthesized from a random latent code.

Discriminator Design. Much work on GANs focuses on novel generator architectures
[24, 115, 116, 256], while the discriminator often remains close to a vanilla convolutional
neural network or mirrors the generator. Notable exceptions are [262, 207], which uti-
lize an encoder-decoder discriminator architecture. However, in contrast to us, they neither
use pretrained features nor random projections. A different line of work considers a setup
with multiple discriminators applied to either the generated RGB image [64, 56] or low-
dimensional projections thereof [162, 7]. The use of several discriminators promises im-
proved sample diversity, training speed, and training stability. However, these approaches
are not utilized in current state-of-the-art systems because of diminishing returns compared
to the increased computational effort. Providing multi-scale feedback with one or multiple
discriminators has been helpful for both image synthesis [111, 110] and image-to-image
translation [239, 170]. While these works interpolate the RGB image at different resolu-
tions, our findings indicate the importance of multi-scale feature maps, showing parallels to
the success of pyramid networks for object detection [139]. Lastly, to prevent overfitting of
the discriminator, differentiable augmentation methods have recently been proposed [113,
264, 234, 266]. We find that adopting these strategies helps exploit the full potential of
pretrained representations for GAN training.

3.2 Projected GANs

3.2.1 Definition

As we described in Chapter 2, GANs aim to model the distribution of a given training
dataset. A generator G maps latent vectors z sampled from a simple distribution p, (typi-
cally a normal distribution) to corresponding generated samples G(z). The discriminator D
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then aims to distinguish real samples X ~ pga, from the generated samples G(z) ~ PG()-
This basic idea results in the following minimax objective

m(%nmgx (Exwpdm logD(x)] +E,-p, log(1 — D(G(z)))]) (3.1)
We introduce a set of feature projectors {P,}, which map real and generated images to
the discriminator’s input space. Projected GAN training can thus be formulated as follows

mingax 3 (B 08 1 (B )]+ Eop log(1 = DAGE)]) - G2

where {D;} is a set of independent discriminators operating on different feature projec-
tions. Note that we keep {F} fixed in (3.2) and only optimize the parameters of G and
{D,}. The feature projectors {F;} should satisfy two necessary conditions: they should
be differentiable and provide sufficient statistics of their inputs, i.e., they should preserve
important information. Moreover, we aim to find feature projectors {F;} which turn the
(difficult to optimize) objective in (3.1) into an objective more amenable to gradient-based
optimization. We now show that a Projected GAN indeed matches the distribution in the
projected feature space before specifying the details of our feature projectors.

3.2.2 Consistency

The Projected GAN objective in (3.2) no longer optimizes directly to match the true dis-
tribution pr. To understand the training properties under ideal conditions, we consider a
more generalized form of the consistency theorem of [162]:

Theorem 1. Let pr denote the density of the true data distribution and p¢ the density of
the distribution the Generator G produces. Let PioT and P, o G be the functional composi-
tion of the differentiable and fixed function P; and the true/generated data distribution, and
y be the transformed input to the discriminator. For a fixed G, the optimal discriminators
are given by
_ pror(y)

pror(¥) + Proc(Y)
forall l € L. In this case, the optimal G under (3.2) is achieved iff ppor = ppoc for all
leLl.

DZG(Y)

In the following, we first prove Theorem 1 for a deterministic projection. The second
proof demonstrates the theorem’s validity when training with stochastic differentiable aug-
mentations. From the theorem, we conclude that a feature projector P; with its associated
discriminator D; encourages the generator to match the true distribution along the marginal
through P,. Therefore, at convergence, G matches the generated and true distributions in
feature space.

Proof (deterministic). The following proof follows the consistency proofs in [162] and
[79]. Let {P,},c be a set of fixed feature projectors. Furthermore, let pr be the density of
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the true data distribution and p¢ the density of the distribution the generator G produces.
As in Theorem 1, P,oT and P, o G are functional compositions of P, and the true/generated
data distribution. The minimax objective in (3.2) is then defined via

minmax Y V;(D;,G 33
i {Dz}lg‘; 1(Dy,G) (3.3)

where

Vi(D1,G) = Exp, [log Dy (P(X))] + Exp, [log (1 — Dy (Pi(x)))]
= Ey~ppor 108 Di1(Y)] + Eypp. log (1= Dy(y))] (3.4)
= Jy Pror (¥)10g(Di(y)) + Proc(y) log(1 —Di(y))dy

In the following, we derive the optimal discriminator for a fixed G. For any (a,b) €
R?\ {(0,0)}, the function ¢ — alog(¢) +blog(1 —¢) obtains its maximum in [0, 1] at =5
Since the discriminators do not need to be defined outside supp (ppor) Usupp (ppoc). the
maximum max p,} Vi(Dy, G) is achieved for

. ppor(y)
D = 3.5
16ly) peor(Y) + proc(Y) (5-)

where G is fixed. Assuming a perfect discriminator, the minimax objective can be refor-
mulated as

C(G) = I{T;)aiiZVz(G,Dz) =) Vi(G,Dj ) (3.6)
1y l

Following the arguments of [79] and in [162], we obtain

C(G) = —2|L|log(2) +2Y JSD(pror||ppoc) (3.7)
1

where JSD is the Jensen-Shannon divergence. Since the Jensen-Shannon divergence is
non-negative and zero only in case of equality, the minimum is achieved iff ppor = ppoc
for all /. This shows, that we achieve ming C(G) iff ppor = ppoc for all [.

Proof (stochastic). We now show that the result above still holds when applying stochas-
tic differentiable augmentations before the feature projections.

Utilizing a stochastic augmentation fg ; before the projection through P, can be viewed
as a functional composition, i.e., Po; = P, o fp ;. The parameter 6 ~ pg encompasses both
the probability of applying the augmentation and its parameters, e.g., translation direction
and magnitude. As in the deterministic case, the minimax objective is defined as

minmax ) V;(D;,G 3.8
1 {Dl}zezé 1(Dy,G) (3.8)
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where

Vi (D, G) Ex~pr [E9~p® log Dy (P 1(x) ] + Expg [E(’Np@ [log (1 —Dy (PGJ(X)))H
= Eg~po [Ex~py [10gD; (Po 1(x))] +Expg [log (1 — Dy (Pg(x)))] ]
= Eonpo [Ey~p, 1 108D1(¥)] +Eynpy, . [log (1= Dy(y))]]
= Eonpo [ Jy Prsor(¥)102(Di(¥)) + Pry o6 () log(1 — Di(y))dy]
(¥)

= nyGNP(a [ppe,on(y)]log( 1(¥)) +Eonpe [pPezoG( )]log(1 —D(y))dy
(3.9

)
)

Using the same arguments as above, we obtain that the maximum max{Dl}Vl(Dl,G) is
achieved for

]EGNPG) [pP9710T (y)]
EGNPG [ppe,on (Y)] + EQNP@) [pPG,IOG (Y)]

Dig(y) = (3.10)

where G is fixed. Note that Eg.,[pp, or] and Egp[pp,,0c] are densities. Similar to
above, we obtain ming C(G) iff Egp, [Ppor] = Eg~pe [Py, 06] for all L.

3.2.3 Multi-Scale Discriminators

We obtain features from four layers L; of a pretrained feature network F at resolutions
(L) = 64%,L, =322 L3 = 16%, Ly = 82). We associate a separate discriminator D; with the
features at layer L;, respectively. Each discriminator D; uses a simple convolutional archi-
tecture with spectral normalization [153] at each convolutional layer. We observe better
performance if all discriminators output logits at the same resolution (4%). Accordingly, we
use fewer down-sampling blocks for lower-resolution inputs. Following common practice,
we sum all logits to compute the overall loss. For the generator pass, we sum the losses
of all discriminators. More complex strategies [64, 7] did not improve performance in our
experiments.

3.2.4 Random Projections

We observe that features at deeper layers are significantly harder to cover, as evidenced
by our experiments in Section 3.3.1. We hypothesize that a discriminator can focus on
a subset of the feature space while wholly disregarding other parts. This problem might
be especially prominent in the deeper, more semantic layers. Therefore, we propose two
different strategies to dilute prominent features, encouraging the discriminator to utilize
all available information equally. Common to both strategies is that they mix features us-
ing differentiable random projections which are fixed, i.e., after random initialization, the
parameters of these layers are not trained.

Cross-Channel Mixing (CCM). Empirically, we found two properties to be desirable:
(i) the random projection should be information preserving to leverage the full represen-
tational power of F', and (ii) it should not be trivially invertible. The easiest way to mix
across channels is a 1 x1 convolution. A 1x1 convolution with an equal number of output
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Figure 3.1: CCM and CSM. Left: CCM (dashed blue arrows) employs 1x1 convolutions
with random weights. Right: CSM (dashed red arrows) adds random 3% 3 convolutions and
bilinear upsampling, yielding a U-Network.

and input channels is a generalization of a permutation [119] and consequently preserves
information about its input. In practice, we find that more output channels lead to better per-
formance as the mapping remains injective and, therefore, information preserving. Kingma
et al. [119] initialize their convolutional layers as a random rotation matrix as a good start-
ing point for optimization. We do not find this to improve GAN performance, arguably,
since it violates (ii). We, therefore, randomly initialize the weights of the convolutional
layer via Kaiming initialization [88]. Note that we do not add any activation functions. We
apply this random projection at each of the four scales and feed the transformed feature to
the discriminator as depicted in Fig. 3.1.

Cross-Scale Mixing (CSM). To encourage feature mixing across scales, CSM extends
CCM with random 3x3 convolutions and bilinear upsampling, yielding a U-Net [192]
architecture, see Fig. 3.1. However, our CSM block is simpler than a vanilla U-Net [192]:
we only use a single convolutional layer at each scale. As for CCM, we utilize Kaiming
initialization for all weights.

3.2.5 Pretrained Feature Networks

We ablate over varying feature networks. First, we investigate different versions of Effi-
cientNets, which allow for direct control over model size versus performance. Efficient-
Nets are image classification models trained on ImageNet [49] and designed to provide
favorable accuracy-compute tradeoffs. Second, we use ResNets of varying sizes. To an-
alyze the dependency on ImageNet features (Section 3.3.1), we also consider R50-CLIP
[179], a ResNet optimized with a contrastive language-image objective on a dataset of 400
million (image, text) pairs. Lastly, we utilize a vision transformer architecture (ViT-Base)
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[58] and its efficient follow-up (DeiT-small distilled) [229]. We do not choose an inception
network [224] to avoid strong correlations with the evaluation metric FID [90]. We also
evaluate several other neural and non-neural metrics to rule out correlations: Kernel Incep-
tion Distance (KID) [19], Precision and Recall [196], SWAV-FID [159], CLIP-FID [179] &
Virtex-FID [50], and Sliced Wasserstein Distance (SWD) [111]. For a discussion of each
metric, we refer to their respective papers.

3.3 Experiments

3.3.1 Ablation Study

To determine the best configuration of discriminators, mixing strategy, and pretrained fea-
ture network, we conduct experiments on LSUN-Church [251], which is medium-sized
(126k images) and reasonably visually complex, using a resolution of 256 pixels. For the
generator G we use the generator architecture of FastGAN [142], consisting of several up-
sampling blocks with additional skip-layer-excitation blocks. Using a hinge loss [137], we
train with a batch size of 64 until 1 million real images have been shown to the discrimi-
nator, a sufficient amount for G to reach values close to convergence. If not specified oth-
erwise, we use an EfficientNet-Litel [225] feature network in this section. We found that
discriminator augmentation [113, 264, 234, 266] consistently improves the performance
of all methods and is required to reach state-of-the-art performance. We leverage differ-
entiable data augmentation [264], which we found to yield the best results in combination
with FastGAN.

Which feature network layers are most informative? We first investigate the relevance
of independent multi-scale discriminators. For this experiment, we do not use feature mix-
ing. To measure how well G fits a particular feature space, we employ the Fréchet Dis-
tance (FD) [61] on the spatially pooled features denoted as FD; for layer i. FDs across
different feature spaces are not directly comparable. Therefore, we train a GAN baseline
with a standard RGB discriminator, record F DfGB at each layer and quantify the relative
improvement via the fraction rel-FD; = FD;/F DR°E. We also investigate a perceptual dis-
criminator [223], where feature maps are fed into different layers of the same discriminator
to predict a single logit.

The results in Table 3.1 (No Projection) show that two discriminators are better than one
and improve over the vanilla RGB baseline. Surprisingly, adding discriminators at deep
layers hurts performance. We conclude that these more semantic features do not respond
well to direct adversarial losses. We also experimented with discriminators at resized ver-
sions of the original image but could not find a setting of hyperparameters and architectures
that improves over the single image baseline. Omitting the discriminators on the shallow
features decreases performance, which is anticipated, as these layers contain most of the
information about the original image. A similar effect has been observed for feature inver-
sion [60] — the deeper the layer, the harder it is to reconstruct its input. Lastly, we observe
that independent discriminators outperform the perceptual discriminator by a significant
margin.
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Discriminator(s) rel-FDy | rel-FD, | rel-FD3] vrel-FDys| rel—FID|

No Projection

on L 0.56 0.32 0.31 0.55 0.66
onlLy, L, 0.35 0.21 0.23 0.47 0.53
onlLy,Ly,L3 0.42 0.26 0.28 0.64 0.90
onLy,Ly,L3,L4 0.46 0.34 0.38 0.79 1.15
only,L3,L4 0.95 0.67 0.71 1.19 1.99
on L3, Ly 2.14 1.41 1.18 1.99 3.46
on Ly 10.92 5.74 2.56 2.79 5.08
Perceptual D 2.98 1.76 1.20 1.89 2.73
CCM
on L 0.27 0.21 0.26 0.50 0.59
onlLy, Ly 0.27 0.18 0.21 041 0.48
onlLi, Ly, L3 0.31 0.25 0.24 0.54 0.67
onLy,Ly,L3,L4 0.53 0.34 0.34 0.59 0.77
Perceptual D 5.33 3.06 2.14 1.09 4.77
CCM + CSM
on L 0.34 0.25 0.19 0.35 0.44
onLy, L, 0.21 0.18 0.16 0.27 0.31
onlLy, Ly, L3 0.41 0.26 0.17 0.23 0.29
onLy,Ly,L3,L4 0.26 0.16 0.13 0.16 0.24
Perceptual D 2.53 1.37 0.89 0.43 2.13

Table 3.1: Feature Space Fréchet Distances. We aim to find the best combination of dis-
criminators and random projections to fit the distributions in feature network F. We show
the relative FD at different layers of F (rel-FD;) between 50k generated and real im-
ages on LSUN-Church. rel-FD; is normalized using the baseline Fréchet Distances for
a model with a standard single RGB image discriminator. Hence, values > 1 indicate
worse performance than the RGB baseline. We report rel-FD for four layers of an Effi-
cientNet (Ly,Ly,L3 and L4 from shallow to deep), as well as relative Fréchet Inception
Distance (FID) [90]. Note that rel-F D; should not be compared between different feature
spaces, i.e., only within-column comparisons are meaningful. Blue boxes highlight the lay-
ers which we supervise via independent discriminators. The green box corresponds to a
perceptual discriminator [223 ], which takes in all feature maps at once.
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EfficientNet ResNet Transformer
liteO  litel  lite2  lite3  lited RI18 R50 RS50-CLIP DeiT ViT

Params (M) | 296 372 436 642 11.15 11.18 23.51 23.53 9236 317.52
IN top-1 1 7548 76.64 7747 79.82 81.54 69.75 79.04 N/A 8542 85.16

FID | 253 165 169 179 235 416 440 3.80 246 1238

Table 3.2: Pretrained Feature Networks Study. We train the projected GAN with different
pretrained feature networks. We find that compact EfficientNets outperform both ResNets
and Transformers.

How can we best utilize the pretrained features? Given the insights from the previous
section, we aim to improve the utilization of deep features. For this experiment, we only
investigate configurations that include discriminators at high resolutions. Table 3.1 (CCM
and CCM + CSM) presents the results for both mixing strategies. CCM moderately de-
creases the FDs across all settings, confirming our hypothesis that mixing channels results
in better feedback for the generator. When adding CSM, we achieve another notable im-
provement across all configurations. Especially re/-F D; at deeper layers are significantly
decreased, demonstrating CSM’s usefulness to leverage deep semantic features. Interest-
ingly, we observe that the best performance is now obtained by combining all four discrim-
inators. A perceptual discriminator is again inferior to multiple discriminators. We remark
that integrating the original image via an independent discriminator, CCM, or CSM always
resulted in worse performance. This failure suggests that naively combining non-projected
with projected adversarial optimization impairs training dynamics.

Which feature network architecture is most effective? Using the best setting determined
by the experiments above (CCM + CSM with four discriminators), we study the effective-
ness of various perceptual feature network architectures for Projected GAN training. To
ensure convergence, also for larger architectures, we train for 10 million images. Table 3.2
reports the FIDs achieved on LSUN-Church. Surprisingly, we find that there is no correla-
tion with ImageNet accuracy. On the contrary, we observe lower FIDs for smaller models
(e.g., EfficientNets-lite). This observation indicates that a more compact representation
is beneficial while at the same time reducing computational overhead and, consequently,
training time. R50-CLIP slightly outperforms its R50 counterpart, indicating that ImageNet
features are not required to achieve low FID. For the sake of completeness, we also train
with randomly initialized feature networks, which, however, converge to much higher FID
values. In the following, we thus use EfficientNet-Litel as our feature network.
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3.3.2 Quantitative Comparison to State-of-the-Art

This section conducts a comprehensive analysis demonstrating the advantages of Projected
GANSs with respect to state-of-the-art models. Our experiments are structured into three
sections: evaluation of convergence speed and data efficiency (5.1) and comparisons on
large (5.2) and small (5.3) benchmark datasets. We cover a wide variety of datasets in
terms of size (hundreds to millions of samples), resolution (256> to 1024%), and visual
complexity (clip art, paintings, and photographs).

Evaluation Protocol. We measure image quality using the Fréchet Inception Distance
(FID) [90]. Following [115, 116], we report the FID between 50k generated and all real
images. We select the snapshot with the best FID for each method. In addition to image
quality, we include a metric to evaluate convergence. As in [113], we measure training
progress based on the number of real images shown to the discriminator (/mgs). We report
the number of images required by the model for the FID to reach values within 5% of
the best FID over training. Unless otherwise specified, we follow the evaluation protocol
of [100] to facilitate fair comparisons. Specifically, we compare all approaches given the
same fixed number of images (10 million). With this setting, each experiment takes roughly
100-200 GPU hours on an NVIDIA V100.

Baselines. We use StyleGAN2-ADA [113] and FastGAN [142] as baselines. StyleGAN2-
ADA is the strongest model on most datasets in terms of sample quality, whereas FastGAN
excels in training speed. We implement these baselines and our Projected GANs within
the codebase provided by the authors of StyleGAN2-ADA [113]. For each model, we ran
two kinds of data augmentation: differentiable data-augmentation [264] and adaptive dis-
criminator augmentation [113]. We select the better-performing augmentation strategy per
model. For all baselines and datasets, we perform data amplification through x-flips. Pro-
jected GANSs use the same generator and discriminator architecture and training hyper-
parameters (learning rate and batch size) for all experiments. For high-resolution image
generation, additional upsampling blocks are included in the generator to match the de-
sired output resolution. We carefully tune all hyper-parameters for both baselines for best
results: we find that FastGAN is sensitive to the choice of batch size and StyleGAN2-ADA
to the learning rate and R1 penalty.

Convergence Speed and Data Efficiency Following [100] and [254], we analyze the
training properties of Projected GANs on LSUN-Church at an image resolution of 2562
pixels and on the 70k CLEVR dataset [107]. In this section, we also train longer than 10 M
images if necessary, as we are interested in convergence properties.

Convergence Speed. We apply Projected GAN training for both the style-based generator
of StyleGAN?2 and the standard generator with a single input noise vector of FastGAN. As
shown in Fig. 3.2 (left), FastGAN converges quickly but saturates at a high FID. Style-
GAN?2 converges more slowly (88 M images) but reaches a lower FID. Projected GAN
training improves both generators. Particularly for FastGAN, improvements in both con-
vergence speed and final FID are significant, while improvements for StyleGAN?2 are less
pronounced. Remarkably, Projected FastGAN reaches the previously best FID of Style-
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Figure 3.2: Training Properties. Left: Projected FastGAN surpasses the best FID of Style-

GAN?2 (at 88 M images) after just 1.1 M images on LSUN-Church. Right: Projected Fast-

GAN yields significantly improved FID scores, even when using subsets of CLEVR with 1k

and 10k samples.
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Figure 3.3: Training progress on LSUN church at 256 pixels. Shown are samples for
a fixed noise vector z over k images. From top to bottom: FastGAN, StyleGAN2-ADA,
Projected GAN.

GAN?2 after being exposed to only 1.1 M images as compared to 88 M of StyleGANZ2. In
wall clock time, this corresponds to less than 3 hours instead of 5 days. Hence, from now
on, we utilize the FastGAN generator and refer to this model simply as Projected GAN.
Fig. 3.3 shows samples for a fixed noise vector z during training on LSUN-Church.
For both FastGAN and StyleGAN, patches of texture gradually morph into a global struc-
ture. For Projected GAN, we directly observe the emergence of structure, which becomes
more detailed over time. Interestingly, the Projected GAN latent space appears to be very
volatile, i.e., for fixed z the images undergo significant perceptual changes during training.
In the non-projected cases, these changes are more gradual. We hypothesize that this in-
duced volatility might be due to the discriminator providing more semantic feedback com-
pared to conventional RGB losses. Such semantic feedback could introduce more stochas-
ticity during training which in turn improves convergence and performance. We also ob-
serve that the signed real logits of the discriminator remain at the same level through-
out training. The signed real logits of the discriminator sign(D(x)) are the portion of the
training set that gets positive discriminator outputs. Karras et al. [113] find this a help-
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Figure 3.4: Signed Discriminator Logits. For this experiment, we project through F and
train with up to four discriminators; we leave the augmentation probability constant.
(|Di| = 1: red, |D;| = 2: blue, |D;| = 3: pink, |D;| = 4: green, RGB baseline: orange).
For projected GAN training, the logits remain stable throughout training.

ful heuristic for quantifying discriminator overfitting. The signed logits should remain
constant, which they achieve via adapting the augmentation probability during training.
Fig. 3.4 shows that the logits of the RGB baseline steadily increase throughout training,
whereas the logits remain mostly constant for Projected GAN training. This observation
coincides with the finding that adaptive augmentation is unnecessary for Projected GANs
as the logits are already stable.

Sample Efficiency. The use of pretrained models is generally linked to improved sample
efficiency. To evaluate this property, we also created two subsets of the 70k CLEVR dataset
by randomly sub-sampling 10k and 1k images from it, respectively. As depicted in Fig. 3.2
(right), our Projected GAN significantly improves over both baselines across all dataset
splits.

Large Datasets. Besides CLEVR and LSUN-Church, we benchmark Projected GANs
against various state-of-the-art models on three other large datasets: LSUN-Bedroom [251]
(3M indoor bedroom scenes), FFHQ [115] (70k images of faces) and Cityscapes [45] (25k
driving scenes captured from a vehicle). For all datasets, we use an image resolution of
256 pixels. As Cityscapes and CLEVR images are not of aspect ratio 1:1 we resize them to
2562 for training. Besides StyleGAN2-ADA and FastGAN, we compare against SAGAN
[256] and GANsformers [100]. All models were trained for 10 M images. For the large
datasets, we also report numbers for StyleGAN2 trained for more than 10 M images to
report the lowest FID values achieved in previous literature (denoted as StyleGAN2%*).
Table 3.3 shows that the Projected GAN outperforms all state-of-the-art models in terms
of FID values on all datasets by a large margin. For example, on LSUN-Bedroom, it
achieves an FID value of 1.52 compared to 6.15 by GANsformer, the previously best model
in this setting. Projected GAN achieves state-of-the-art FID values remarkably fast, e.g., on
LSUN-church, it achieves an FID value of 3.18 after 1.1 M Imgs. StyleGAN?2 has obtained
the previously lowest FID value of 3.39 after 88 M Imgs, 80 times as many as needed by
Projected GAN. Similar speed-ups are also realized for all other large datasets, as shown
in Table 3.3. Interestingly, when training longer on FFHQ (39 M Imgs), we observe further

30



3.3 Experiments

improvements of Projected GAN to an FID of 2.2. Note that all five datasets represent very
different objects in various scenes. This demonstrates that the performance gain is robust
to the choice of the dataset, although the feature network is trained only on ImageNet. It
is important to note that the main improvements are based on improved sample diversity,
as indicated by recall. The improvement in diversity is most notable on large datasets, e.g.,
LSUN church, where the image fidelity appears to be similar to StyleGAN.

We also report other metrics that are less benchmarked in GAN literature: KID [19],
SwAV-FID [159], precision and recall [196] in Table 3.4 and Table 3.5. These additional
metrics mostly reflect the rankings obtained by FID. At high resolutions, Projected GAN
performs slightly worse in precision. It appears that Projected GAN incurs small losses
in image quality while obtaining better mode coverage. We observe that some samples
exhibit artifacts that indicate that Projected GAN training at higher resolutions warrants
closer inspection. On small datasets, overfitting is a problem that is not detected well by
FID and other metrics [189]. Therefore, it is instructive to inspect latent interpolations for
which we refer the reader to the supplementary videos . Projected GAN generates smooth
interpolations between random samples on all datasets suggesting that it generalizes rather
than memorizing training samples.

Small Datasets. To further evaluate our method in the few-shot setting, we compare
against StyleGAN2-ADA and FastGAN on art paintings from WikiArt (1000 images;
wikiart.org), Oxford Flowers (1360 images) [166], photographs of landscapes (4319 im-
ages; flickr.com), AnimalFace-Dog (389 images) [216] and Pokemon (833 images; poke-
mon.com). Further, we report results on high-resolution versions of Pokemon and Art-
Painting (1024%). Lastly, we evaluate on AFHQ-Cat, -Dog, and -Wild at 5122 [40]. The
AFHQ datasets contain ~5k closeups per category of cat, dog, or wildlife. We do not have
a license to re-distribute these datasets, but we provide the URLs to enable reproducibility,
similar to [142].

Projected GAN outperforms all baselines in terms of FID values by a significant margin
on all datasets and all resolutions, as shown in Table 3.3. Remarkably, our model beats
the prior state-of-the-art on all datasets (256%) after observing fewer than 600k images.
For AnimalFace-Dog, the Projected GAN surpasses the previously best FID after only
20k images. One might argue that the EfficientNet used as feature network facilitates data
generation for the animal datasets as EfficientNet is trained on ImageNet, which contains
many animal classes (e.g., 120 classes for dog breeds). However, it is interesting to ob-
serve that Projected GANS also achieve state-of-the-art FID on Pokemon and Art Painting
though these datasets differ significantly from ImageNet. This evidences the generality of
ImageNet features. For the high-resolution datasets, Projected GANs achieve the same FID
value many times faster than the best baselines, e.g., ten times faster than StyleGAN2-ADA
on AFHQ-Cat or four times faster than FastGAN on Pokemon. We remark that F and D;
generalize to any resolution as they are fully convolutional.

Ihttps://sites.google.com/view/projected-gan
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Figure 3.5: Real samples (top rows) vs. samples by Projected GAN (bottom rows).
Datasets (top left to bottom right): CLEVR (2562), LSUN church (256%), Art Paint-
ing (256%), Landscapes (2562), AFHQ-wild (5122), Pokemon (2562), AFHQ-dog (5127),
AFHQ-cat (512?).
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FID Imgs FID Imgs FID Imgs FID Imgs FID Imgs
Large Datasets (2562)
CLEVR FFHQ Cityscapes Bedroom Church
SAGAN [256] 26.04 10M 1621 10M 1281 10M 14.06 10M 6.15 10M
STYLEGAN2-ADA [113] 10.17 10M 732 10M 835 10M 1153 10M 585 10M
GANSFORMERS [100] 924 10M 742 10M 523 10M 6.15 10M 547 10M
FASTGAN [142] 324 10M 12,69 10M 878 18M 824 48M 843 89M
PROJECTED GAN 0.89 45M 339 7.1M 341 17M 152 52M 159 92M
PROJECTED GAN* 339 05M 356 7.0M 460 11M 258 15M 318 11M
STYLEGAN2* [254, 113, 115] 5.05 25M 3.62 25M - - 265 70M 339 88M
Small Datasets (2562)

Art Painting Landscape AnimalFace Flowers Pokemon
STYLEGAN2-ADA [113] 43.07 32M 1599 63M 6090 22M 21.66 3.8M 4038 34M
FASTGAN [142] 44.02 0.7M 1644 1.8M 62.11 02M 2623 08M 81.86 25M
PROJECTED GAN 2796 0.8M 692 35M 1788 10M 13.86 1.8M 26.36 0.8M
PROJECTED GAN* 40.22 0.2M 1499 0.6M 58.07 0.02M 21.60 0.2M 3657 03M

10242 5122

Art Painting Pokemon AFHQ-Cat AFHQ-Dog AFHQ-Wild
STYLEGAN2-ADA [113] 41.69 1.0M 56.76 0.6M 355 10M 740 10M 3.05 10M
FASTGAN [142] 46.71 0.8M 5646 08M 469 1.IM 13.09 1.6M 3.14 1.6M
PROJECTED GAN 32.07 09M 3396 13M 216 37M 452 38M 217 54M
PROJECTED GAN* 4033 0.2M 5374 02M 353 1.0M 7.10 09M 303 1.6M

Table 3.3: Quantitative Results. Projected GAN* reports the point where our approach
surpasses the state-of-the-art. StyleGAN2* obtains the lowest FID in previous literature if

trained long enough.
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Large Datasets (256)
CLEVR FFHQ  Cityscapes Bedroom Church

FID |
STYLEGAN2-ADA [113] 10.17 7.32 8.35 11.53 5.85
FASTGAN [142] 3.24 12.69 8.78 8.24 8.43
PROJECTED GAN 0.89 3.08 3.41 1.52 1.59
KID x 103 |
STYLEGAN2-ADA [113] 8.15 1.49 3.34 7.42 4.70
FASTGAN [142] 2.64 5.34 5.45 5.90 4.61
PROJECTED GAN 0.51 0.44 0.91 0.36 0.50
Precision ©
STYLEGAN2-ADA [113] 0.373 0.669 0.649 0.429 0.565
FASTGAN [142] 0.600 0.716 0.557 0.602 0.645
PROJECTED GAN 0.640 0.654 0.619 0.614 0.612
Recall ©
STYLEGAN2-ADA [113] 0.569 0.445 0.146 0.202 0.416
FASTGAN [142] 0.650 0.184 0.227 0.189 0.207
PROJECTED GAN 0.735 0.464 0.361 0.346 0.438
SwAV — FID |
STYLEGAN2-ADA [113] 3.50 1.24 1.35 8.47 2.51
FASTGAN [142] 1.46 2.55 1.29 5.38 3.64
PROJECTED GAN 0.56 0.85 0.60 1.44 1.01
CLIP—FID |
STYLEGAN2-ADA [113] 4.70 10.3 5.88 42.12 15.85
FASTGAN [142] 4.24 19.23 6.46 31.10 35.47
PROJECTED GAN 0.80 7.55 2.96 11.97 13.71
VirTex—FID |
STYLEGAN2-ADA [113] 0.78 1.20 1.15 2.20 1.10
FASTGAN [142] 0.64 2.47 1.48 2.66 3.61
PROJECTED GAN 0.35 0.64 0.49 0.81 0.82
SWDx 1073 |
STYLEGAN2-ADA [113] 17.50 7.42 10.71 12.53 14.62
FASTGAN [142] 28.51 10.19 9.45 14.68 14.42
PROJECTED GAN 12.90 6.41 7.27 6.83 8.37

Table 3.4: Metrics on Large Datasets (256%). Projected GAN compares favorably on most
metrics. Exceptions are precision on FFHQ, Cityscapes, and LSUN Church. As argued
by [116], shifting from precision to recall is generally desirable, since recall can be traded
into precision via truncation.
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Small Datasets (256%)

Art Landscape AnimalFaceFlowers Pokemon
Painting
FID |
STYLEGAN2-ADA [113] 43.07 15.99 60.90 21.66 40.38
FASTGAN [142] 44.02 16.44 62.11 26.23 81.86
PROJECTED GAN 27.96 6.92 17.88 13.86 26.36
KID x 103 |
STYLEGAN2-ADA [113] 10.23 4.39 22.52 3.56 13.49
FASTGAN [142] 13.00 3.40 22.11 6.61 80.30
PROJECTED GAN 1.25 1.30 0.03 0.38 1.32
Precision 1
STYLEGAN2-ADA [113] 0.691 0.709 0.841 0.731 0.735
FASTGAN [142] 0.858 0.768 0.849 0.611 0.731
PROJECTED GAN 0.762 0.774 0.998 0.816 0.809
Recall ©

STYLEGAN2-ADA [113] 0.218 0.213 0.036 0.095 0.197
FASTGAN [142] 0.044 0.160 0.015 0.100 0.004
PROJECTED GAN 0.239 0.258 0.095 0.058 0.259

SwWAV —FID |
STYLEGAN2-ADA [113] 3.32 2.98 16.26 5.02 6.71
FASTGAN [142] 3.29 2.42 15.07 7.45 9.25
PROJECTED GAN 2.25 1.42 4.22 2.70 2.04

CLIP—FID |
STYLEGAN2-ADA [113] 44.13 24.89 46.18 26.30 13.96
FASTGAN [142] 40.47 19.84 54.69 40.12 87.65
PROJECTED GAN 2291 13.71 16.89 15.83 9.93

VirTex—FID |
STYLEGAN2-ADA [113] 4.15 2.78 8.83 3.25 3.69
FASTGAN [142] 5.72 3.86 9.41 4.08 17.49
PROJECTED GAN 3.53 1.98 3.79 2.19 2.55

SWDx 1073 |
STYLEGAN2-ADA [113] 25.55 19.06 22.31 14.04 14.73
FASTGAN [142] 21.94 29.87 29.23 17.39 46.81
PROJECTED GAN 11.44 15.38 14.34 9.61 11.65

Table 3.5: Metrics on Small Datasets (256%). Projected GAN performs best on most met-
rics.
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Figure 3.6: Limitations. Left: "Floating Heads.” Right: Artifacts on FFHQ.

3.4 Discussion

While we achieve low FID on all datasets, we also identify two systematic failure cases: As
depicted in Fig. 3.6, we sometimes observe “floating heads” on AFHQ. In a few samples,
the animals appear in high quality but resemble cutouts on blurry or bland backgrounds.
We hypothesize that generating a realistic background and image composition is less crit-
ical when a prominent object is already depicted. This hypothesis follows from the fact
that we used image classification models for the projection, which have been shown to
only marginally reduce in accuracy when applied to images of objects with removed back-
ground [248]. On FFHQ, Projected GAN sometimes produces poor-quality samples with
wrong proportions and artifacts, even at state-of-the-art FID, see Fig. 3.6. This disconnect
indicates that features learned on ImageNet, where human faces do not play a significant
role, may not be ideal for FFHQ, which is the only dataset where we observe this apparent
disconnect between FID and sample quality. An answer could be self-supervised mod-
els. We investigate self-supervised features for Projected GAN training in Chapter 4 and
Chapter 5.

In terms of generators, StyleGAN is more challenging to tune and does not profit as
much from projected training. The FastGAN generator is fast to optimize but simultane-
ously produced unrealistic samples in some parts of the latent space — a problem that could
be solved by a mapping network similar to StyleGAN. Hence, we speculate that unifying
the strengths of both architectures in combination with projected training might improve
performance further. Combining StyleGAN and Projected GAN will be the focus of the
next chapter. Moreover, our study of different pretrained networks indicates that efficient
models are especially suitable for Projected GAN training. Exploring this connection in-
depth and, in general, determining desirable feature space properties opens up exciting
new research opportunities. Lastly, our work advances efficiency for generative models.
More efficient models lower the barrier of computational effort needed for generating real-
istic images. A lower barrier facilitates the malignant use of generative models (e.g., “deep
fakes”) while simultaneously also democratizing research in this area.
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4 Large-Scale Class-Conditional
Image-Synthesis with GANs

4.1 Introduction

We showed that Projected GANs are a promising approach to significantly improve train-
ing stability, training time, and data efficiency. Interestingly, as we observed, the advan-
tages of Projected GANs only partially extend to StyleGAN on the unimodal datasets we
investigated. Style-based GANSs (StyleGANG5s) are a specific instance of GANs, and they ex-
hibit many desirable properties. They achieve high image fidelity [115, 116], fine-grained
semantic control [87, 247, 141], and recently alias-free generation enabling realistic ani-
mation [114]. Moreover, they reach impressive photorealism on carefully curated datasets,
especially of human faces. However, when trained on large and unstructured datasets like
ImageNet [49], StyleGANs do not achieve satisfactory results yet. One other problem
plaguing generative models, in general, is that they become prohibitively more expensive
when scaling to higher resolutions as bigger models are required.

Initially, StyleGAN [115] was proposed to explicitly disentangle factors of variations,
allowing for better control and interpolation quality. However, its architecture is more re-
strictive than a standard generator network [ 180, 111] which seems to come at a price when
training on complex and diverse datasets such as ImageNet. Previous attempts at scaling
StyleGAN and StyleGAN?2 to ImageNet led to sub-par results [84, 82], giving reason to
believe it might be fundamentally limited for highly diverse datasets [84].

BigGAN [24] is the state-of-the-art GAN model for image synthesis on ImageNet. The
main factors for BigGANs success are larger batch and model sizes. However, BigGAN has
not reached a similar standing as StyleGAN as its performance varies significantly between
training runs [113] and as it does not employ an intermediate latent space which is essential
for GAN-based image editing [3, 171, 43, 247]. Recently, BigGAN has been superseded
in performance by diffusion models [53]. Diffusion models achieve more diverse image
synthesis than GANSs but are significantly slower during inference and prior work on GAN-
based editing is not directly applicable. Following these arguments, successfully training
StyleGAN on ImageNet has several advantages over existing methods.

The previously failed attempts at scaling StyleGAN raise the question of whether archi-
tectural constraints fundamentally limit style-based generators or if the missing piece is
the right training strategy. First, we investigate how to best combine StyleGAN and Pro-
jected GANs. We then design a progressive growing strategy tailored to the latest Style-
GAN3. These changes, in conjunction with Projected GAN, already allow surpassing prior
attempts of training StyleGAN on ImageNet. To further improve results, we analyze the
pretrained feature network used for Projected GANs and find that the two standard neu-
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Figure 4.1: Class-conditional samples generated by StyleGAN3 (left) and StyleGAN-XL
(right) trained on ImageNet at resolution 256°.

ral architectures for computer vision, CNNs and ViTs [58], significantly improve perfor-
mance when used jointly. Lastly, we leverage classifier guidance, a technique originally
introduced for diffusion models to inject additional class-information [53].

Our contributions culminate in a new state-of-the-art on large-scale image synthesis,
pushing the performance beyond existing GAN and diffusion models. We showcase inver-
sion and editing for ImageNet classes and find that Pivotal Tuning Inversion (PTI) [190],
a powerful new inversion paradigm, combines well with our model and even embeds out-
of-domain images smoothly into our learned latent space. Our efficient training strategy
allows us to triple the parameters of the standard StyleGAN3 while reaching the prior
state-of-the-art performance of diffusion models [53] in a fraction of their training time.
It further enables us to be the first to demonstrate image synthesis on ImageNet-scale at a
resolution of 10247 pixels. We will open-source our code and models upon publication.

4.2 StyleGAN-XL

As mentioned before, StyleGAN has several advantages over existing approaches that
work well on ImageNet. But a naive training strategy does not yield state-of-the-art per-
formance [84, 82]. Our experiments confirm that even the latest StyleGAN3 does not scale
well, see Fig. 4.1. Particularly at high resolutions, the training becomes unstable. There-
fore, our goal is to train a StyleGAN3 generator on ImageNet successfully. Success is
defined in terms of sample quality primarily measured by inception score (IS) [198] and
diversity measured by Fréchet Inception Distance (FID) [90]. Throughout this section, we
gradually introduce changes to the StyleGAN3 baseline (Config-A) and track the improve-
ments in Table 4.1. First, we modify the generator and its regularization losses, adapting
the latent space to work well with Projected GAN (Config-B) and for the class-conditional
setting (Config-C). We then revisit progressive growing to improve training speed and per-
formance (Config-D). Next, we investigate the feature networks used for Projected GAN
training to find a well-suited configuration (Config-E). Lastly, we propose classifier guid-
ance for GANs to provide class information via a pretrained classifier (Config-F). Our
contributions enable us to train a significantly larger model than previously possible while
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Figure 4.2: Training StyleGAN-XL. We feed a latent code 7 and class label ¢ to the pre-
trained embedding and the mapping network G,, to generate style codes w. The codes
modulate the convolutions of the synthesis network Gy. During training, we gradually add
layers to double the output resolution for each stage of the progressive growing schedule.
We only train the latest layers while keeping the others fixed. G, is only trained for the
initial 162 stage and remains fixed for the higher-resolution stages. The synthesized image
is upsampled when smaller than 224% and passed through a CNN and a ViT and respective
feature mixing blocks (CCM+CSM). At higher resolutions, the CNN receives the unaltered
image while the ViT receives a downsampled input to keep memory requirements low but
still utilize its global feedback. Finally, we apply eight independent discriminators on the
resulting multi-scale feature maps. The image is also fed to classifier CLF for classifier
guidance.

requiring less computation than prior art. Our model is three times larger in terms of depth
and parameter count than a standard StyleGAN3. However, to match the prior state-of-the-
art performance of ADM [53] at a resolution of 5127 pixels, training the models on a single
NVIDIA Tesla V100 takes 400 days compared to the previously required 1914 V100-days.
We refer to our model as StyleGAN-XL (Fig. 4.2).

4.2.1 Adapting Regularization and Architectures

Training on a diverse and class-conditional dataset makes it necessary to introduce several
adjustments to the standard StyleGAN configuration. We construct our generator archi-
tecture using layers of StyleGAN3-T, the translational-equivariant configuration of Style-

Configuration FID| ISt
A StyleGAN3 53.57 15.30
B + Projected GAN & small z 2298 57.62
C  + Pretrained embeddings 2091 35.79
D + Progressive growing 19.51 35.74
E +ViIT&CNNasF, 1243 56.72
F + CLF guidance (StyleGAN-XL) 12.24 86.21

Table 4.1: Ablation Study on ImageNet 128%. Results for different configurations after
training for 15 VI100-days.
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GAN?3. In initial experiments, we found the rotational-equivariant StyleGAN3-R to gen-
erate overly symmetric images on more complex datasets, resulting in kaleidoscope-like
patterns.

Regularization. In GAN training, it is common to use regularization for both the gen-
erator and the discriminator. Regularization improves results on uni-modal datasets like
FFHQ [115] or LSUN [251], whereas it can be detrimental on multi-modal datasets [24,
84]. Therefore, we aim to avoid regularization when possible. [114] find style mixing to be
unnecessary for the latest StyleGAN3; hence, we also disable it. Path length regularization
can lead to poor results on complex datasets [84] and is, per default, disabled for Style-
GAN3 [114]. However, path length regularization is attractive as it enables high-quality
inversion [116]. We also observe unstable behavior and divergence when using path length
regularization in practice. We found that this problem can be circumvented by only apply-
ing regularization after the model has been sufficiently trained, i.e., after 200k images. For
the discriminator, we use spectral normalization without gradient penalties. In addition, we
blur all images with a Gaussian filter with o = 2 pixels for the first 200k images. Discrimi-
nator blurring has been introduced in [114] for StyleGAN3-R. It prevents the discriminator
from focusing on high frequencies early on, which we found beneficial across all settings
we investigated.

Low-Dimensional Latent Space. As we observed in Chapter 3, Projected GANs work
better with FastGAN [142] than with StyleGAN. One main difference between these gen-
erators is their latent space; StyleGAN'’s latent space is comparatively high dimensional
(FastGAN: R'® BigGAN: R!?8, StyleGAN: R>!%). Recent findings indicate that the in-
trinsic dimension of natural image datasets is relatively low [177], ImageNet’s dimension
estimate is around 40. Accordingly, a latent code of size 512 is highly redundant, making
the mapping network’s task harder at the beginning of training. Consequently, the gen-
erator is slow to adapt and cannot benefit from Projected GAN’s speed up. We, therefore,
reduce StyleGAN’s latent code z to 64 and now observe stable training in combination with
Projected GAN, resulting in lower FID than the baseline (Config-B). We keep the original
dimension of the style code w € R3'? to not restrict the model capacity of the mapping
network G,;,.

Pretrained Class Embeddings. Conditioning the model on class information is essential
to control the sample class and improve overall performance. A class-conditional variant
of StyleGAN was first proposed in [113] for CIFARI10 [125] where a one-hot encoded
label is embedded into a 512-dimensional vector and concatenated with z. For the discrim-
inator, class information is projected onto the last discriminator layer [154]. We observe
that Config-B tends to generate similar samples per class resulting in high IS. To quan-
tify mode coverage, we leverage the recall metric [129] and find that Config-B achieves a
low recall of 0.004. We hypothesize that the class embeddings collapse when training with
Projected GAN. Therefore, to prevent this collapse, we aim to ease the optimization of the
embeddings via pretraining. We extract and spatially pool the lowest resolution features of
an Efficientnet-liteO [225] and calculate the mean per ImageNet class. The network has a
low channel count to keep the embedding dimension small, following the arguments of the
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previous section. The embedding passes through a linear projection to match the size of z
to avoid an imbalance. Both G,, and D; are conditioned on the embedding. During GAN
training, the embedding and the linear projection are optimized to allow specialization.
Using this configuration, we observe that the model generates diverse samples per class,
and recall increases to 0.15 (Config-C). Note that for all configurations in this ablation, we
restrict the training time to 15 V-100 days. Hence, the absolute recall is markedly lower
compared to the fully trained models. Conditioning a GAN on pretrained features was
also recently investigated by [29]. In contrast to our approach, [29] condition on specific
instances, instead of learning a general class embedding.

4.2.2 Reintroducing Progressive Growing

Progressively growing the output resolution of a GAN was introduced by [111] for fast
and more stable training. The original formulation adds layers during training to both
G and D and gradually fades in their contribution. However, in a later work, it was dis-
carded [116] as it can contribute to texture-sticking artifacts. Recent work by [114] finds
that the primary cause of these artifacts is aliasing, so they redesign each layer of Style-
GAN to prevent it. This motivates us to reconsider progressive growing with a carefully
crafted strategy that aims to suppress aliasing as best as possible. Training first on very low
resolutions, as small as 167 pixels, enables us to break down the daunting task of training
on high-resolution ImageNet into smaller subtasks. This idea is in line with the latest work
on diffusion models [165, 195, 53, 92]. They observe considerable improvements in FID
on ImageNet when using a two-stage model, i.e., stacking an independent low-resolution
model and an upsampling model to generate the final image.

Commonly, GANSs follow a rigid sampling rate progression, i.e., at each resolution, there
is a fixed amount of layers followed by an upsampling operation using fixed filter param-
eters. StyleGAN3 does not follow such a progression. Instead, the layer count is set to 14,
independent of the output resolution, and the filter parameters of up- and downsampling
operations are carefully designed for antialiasing under the given configuration. The last
two layers are critically sampled to generate high-frequency details. When adding layers
for the subsequent highest resolution, discarding the previously critically sampled layers is
crucial as they would introduce aliasing when used as intermediate layers [116, 114]. Fur-
thermore, we adjust the filter parameters of the added layers to adhere to the flexible layer
specification of [114]. We start progressive growing at resolution 16 using 11 layers. The
layer specifications are computed according to [114] and remain fixed for the remaining
training. For the next stage, at resolution 322, we discard the last 2 layers and add 7 new
ones. The specifications for the new layers are computed according to [114] for a model
with resolution 322 and 16 layers. Continuing this strategy up to resolution 10242 yields
the flexible layer specification of StyleGAN-XL in Fig. 4.3. In contrast to [111] we do not
add layers to the discriminator. Instead, to fully utilize the pretrained feature network F, we
upsample both data and synthesized images to F’s training resolution (2242 pixels) when
training on smaller images.

We start progressive growing at a resolution of 162 using 11 layers. Every time the
resolution increases, we cut off 2 layers and add 7 new ones. Empirically, fewer layers
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Figure 4.3: Flexible Layer Specification of Stylegan-XL. StyleGAN-XL consists of 39
layers at resolution 10242. Cutoff (blue) and minimum acceptable stopband frequency (or-
ange) obey geometric progression over the layers; sampling rate (red) and actual stopband
(green) are computed according to our design constraints.
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result in worse performance; adding more leads to increased overhead and diminishing
returns. For the final stage at 10242, we add only 5 layers as the last two are not discarded.
This amounts to 39 layers at the maximum resolution of 10242, Instead of a fixed growing
schedule, each stage is trained until FID stops decreasing. We find it beneficial to use a
large batch size of 2048 on lower resolution (162 and 32?%), similar to [24]. On higher
resolutions, smaller batch sizes suffice (642 to 256%: 256, 5122 to 1024%: 128). Once new
layers are added, the lower-resolution layers remain fixed to prevent mode collapse.

In our ablation study, FID improves only slightly (Config-D) compared to Config-C.
However, the main advantage can be seen at high resolutions, where progressive growing
drastically reduces training time. At resolution 5122, we reach the prior state-of-the-art
(FID = 3.85) after 2 V100-days. This reduction is in contrast to other methods such as
ADM, where doubling the resolution from 2562 to 5122 pixels corresponds to increasing
training time from 393 to 1914 V100-days to find the best-performing model'. As our
aim is not to introduce texture sticking artifacts, we measure EQ-T, a metric for deter-
mining translation equivariance [114], where higher is better. Config-C yields EQ-T =55,
while Config-D attains EQ-T = 48. This only slight reduction in equivariance shows that
Config-D restricts aliasing almost as well as a configuration without growing. For context,
architectures with aliasing yield EQ-T ~ 15.

4.2.3 Exploiting Multiple Feature Networks

The ablation study conducted in 3 finds that most pretrained feature networks F perform
similarly in terms of FID when used for Projected GAN training regardless of training data,
pretraining objective, or network architecture. However, the study does not answer if com-
bining several F is advantageous. Starting from the standard configuration, an EfficientNet-
liteO, we add a second F to inspect the influence of its pretraining objective (classification
or self-supervision) and architecture (CNN or Vision Transformer (ViT) [58]). The re-
sults in Table 4.2 show that an additional CNN leads to slightly lower FID. Combining
networks with different pretraining objectives does not offer benefits over using two clas-
sifier networks. However, combining an EfficientNet with a ViT improves performance
significantly. This result corroborates recent results in neural architecture literature, which
find that supervised and self-supervised representations are similar [81], whereas ViTs and
CNNss learn different representations [182]. Combining both architectures appears to have
complementary effects for Projected GANs. We do not see significant improvements when
adding more networks; hence, Config-E uses the combination of EfficientNet [225] and
DeiT-base [230].

4.2.4 Classifier Guidance for GANs

Dhariwal and Nichol [53] introduced classifier guidance to inject class information into
diffusion models. Classifier guidance modifies each diffusion step at time step ¢ by adding

Note that these settings are not directly comparable as the stem of our model is pretrained, but the values
should give a general sense of the order of magnitude.
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Model Type Objective FID| IS?Y
F, F, F F; F, F
EffNet CNN Class 19.51 35.74

EffNet ResNet50 CNN CNN Class Class 16.16 49.13
EffNet ResNet50 CNN CNN Class Self 18.53 38.26
EffNet DeiT-M CNN VIT Class Class 1243 56.72

Table 4.2: Feature Network Study on ImageNet 128>. Comparing combinations of dif-
ferent feature networks F. Beginning from the base configuration using an EfficientNet-
liteO (EffNet), we add a second F with varying architecture type and pretraining objective
(Class: Classification, Self: MoCo-v2 [38]).

gradients of a pretrained classifier V, log py (¢|x;,1). The best results are obtained by apply-
ing guidance on class-conditional models and scaling the classifier gradients by a constant
A > 1. This combination indicates that our model may also profit from classifier guidance,
even though it already receives class information via embeddings.

We first pass the generated image x through a pretrained classifier CLF to predict the
class label ¢;. We then add a cross-entropy loss Lep = —ZiC:o cilogCLF (x;) as an addi-
tional term to the generator loss and scale this term by a constant A. For the classifier, we
use DeiT-small [230], which exhibits strong classification performance while not adding
much overhead to the training. Similar to [53], we observe a significant improvement in
IS, indicating an increase in sample quality (Config-F). We find A = 8 to work well em-
pirically. Classifier guidance only works well on higher resolutions (> 322); otherwise,
it leads to mode collapse. This is in contrast to [53], who exclusively guide their low-
resolution model. The difference stems from how guidance is applied: we use it for model
training, whereas [53] guides the sampling process.

4.3 Experiments

In this section, we first compare StyleGAN-XL to the state-of-the-art approaches for im-
age synthesis on ImageNet. We then evaluate the inversion and editing capabilities of
StyleGAN-XL. As described above, we scale our model to a resolution of 10242 pixels,
which no prior work has attempted so far on ImageNet. An initial challenge is the lack of
high-resolution data; the mean resolution of ImageNet is 469 x 387. Similar to the proce-
dure used for generating CelebA-HQ[111], we preprocess the whole dataset with SwinIR-
Large [136], a recent model for real-world image super-resolution. Of course, a trivial way
of achieving good performance on this dataset would be to draw samples from a 2567
generative model and pass it through SwinIR. However, SwinIR adds significant compu-
tational overhead as it is 60 times slower than our upsampling stack. Furthermore, this
way, StyleGAN-XL’s weights can be used for initialization when finetuning on other high-
resolution datasets. Lastly, combining StyleGAN-XL and SwinIR would impair translation
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equivariance.

4.3.1 Image Synthesis

Both our work and [53] use classifier networks to guide the generator. To ensure the models
are not inadvertently optimizing for FID and IS, which also utilize a classifier network, we
propose random-FID (rFID). For rFID, we calculate the Fréchet distance in the pool_3
layer of a randomly initialized inception network [224]. The efficacy of random features
for evaluating generative models has been demonstrated in [160]. Furthermore, we report
sFID [161] to assess spatial structure. Lastly, sample fidelity and diversity are evaluated
via precision and recall [129].

In Table 4.3, we compare StyleGAN-XL to the currently strongest GAN model
(BigGAN-deep [24]) and diffusion models (CDM [92], ADM [53]) on ImageNet. The val-
ues for ADM are calculated with and without additional methods (Upsampling U and Clas-
sifier Guidance G). For StyleGAN2, we report numbers by [82]. We find that StyleGAN-
XL substantially outperforms all baselines across all resolutions in FID, sFID, rFID, and
IS. An exception is recall, according to which StyleGAN-XL’s sample diversity lies be-
tween BigGAN and ADM, making progress in closing the gap between these model types.
BigGAN’s sample quality is the best among all compared approaches, which comes at the
price of significantly lower recall. StyleGAN-XL allows for the truncation trick to increase
sample fidelity, i.e., we can interpolate a sampled style code w with the class-wise mean
style code w. We observe that for StyleGAN-XL, truncation does not increase precision,
indicating that developing novel truncation methods for high-diversity GANs is an excit-
ing research direction for future work. Interestingly, StyleGAN-XL attains high diversity
across all resolutions, which can be attributed to our progressive growing strategy. Further-
more, this strategy enables to scale to megapixel resolution successfully. Training at 1024°
for a single V100-day yields a noteworthy FID of 2.8. At this resolution, we do not compare
to baselines because of resource constraints, as they are prohibitively expensive to train. vi-
sualizes generated samples at increasing resolutions. Fig. 4.4 visualizes generated samples
at increasing resolutions. Fig. 4.5 shows additional interpolations between samples from
different classes. Fig. 4.6. Moreover, we train an unconditional variant of StyleGAN-XL
without class-embeddings and classifier guidance, Fig. 4.7 show samples on FFHQ 10242
and Pokemon 1024 generated by this model. Lastly, we compare BigGAN, ADM, and
StyleGAN-XL on different ImageNet classes in Fig. 4.8, Fig. 4.9, and Fig. 4.10. For a fair
comparison, we do not use truncation or classifier guidance. Instead, we show images with
the largest logits given by a VGG16, which corresponds to individual image quality.

4.3.2 Inversion and Manipulation

GAN-editing methods first invert a given image into latent space, i.e., find a style code w
that reconstructs the image as faithful as possible when passed through G;. Then, w can be
manipulated to achieve semantically meaningful edits [76, 213].
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Model FID| sFID| rFID| ISt Pr1T Rec? Model FID| sFID| rFID| ISt PrtT Rect

Resolution 1282 Resolution 2562

BigGAN 6.02 7.18 6.09 14583 0.86 0.35 StyleGAN2 49.20

CDM 3.52  128.80 128.80 BigGAN 6.95 7.36 7524  202.65 0.87 0.28

ADM 591 5.09 13.29 93.31 0.70 0.65 CDM 4.88 158.70 158.70

ADM-G 2.97 5.09 3.80 14137 0.78 0.59 ADM 10.94 6.02 125.78 100.98 0.69 0.63

StyleGAN-XL 1.81 3.82 1.82 200.55 0.77 0.55 ADM-G-U 3.94 6.14 11.86 215.84 0.83 0.53
StyleGAN-XL 2.30 4.02 7.06 265.12 0.78 0.53

Resolution 5122 Resolution 10242

BigGAN 8.43 8.13 312.00 177.90 0.88 0.29 StyleGAN-XL 2.52 412 413.12 260.14 0.76 0.51

ADM 23.24 10.19 561.32 58.06 0.73 0.60

ADM-G-U 3.85 5.86 210.83 221.72 0.84 0.53

StyleGAN-XL 2.41 4.06 51.54 267.75 0.77 0.52

Table 4.3: Image Synthesis on ImageNet. Empty cells indicate that the model was not available and the respective metric was not

evaluated in the original work.
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162 322 647 1282 256 1024?

Figure 4.4: Samples at Different Resolutions Using the Same w. The samples are gen-
erated by the models obtained during progressive growing. We upsample all images to
10242 using nearest-neighbor interpolation for visualization purposes. Zooming in is rec-
ommended.
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Figure 4.5: Interpolations. StyleGAN-XL generates smooth interpolations between sam-
ples of different classes.
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Figure 4.6: Samples on FFHQ 1024,
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Figure 4.7: Samples on Pokemon 10242,
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Figure 4.8: Qualitiative Comparison on ImageNet 256%.. We compare BigGAN (left col-
umn), ADM (middle column), and StyleGAN-XL (right column). Classes from top to bot-
tom: pizza, valley, daisy, dough, comic book.
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Figure 4.9: Qualitiative Comparison on ImageNet 256%.. We compare BigGAN (left col-
umn), ADM (middle column), and StyleGAN-XL (right column). Classes from top to bot-
tom: bulbul, nematode, jack-o’-lantern, balloon, crossword puzzle.
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Figure 4.10: Qualitiative Comparison on ImageNet 256%.. We compare BigGAN (left col-
umn), ADM (middle column), and StyleGAN-XL (right column). Classes from top to bot-
tom: agaric, orange, Tibetian mastiff, espresso, paddlewheel.

Inversion. Standard approaches for inverting Gy use either latent optimization [1, 46,
116] or an encoder [173, 5, 233]. A common way to achieve low reconstruction error is to
use an extended definition of the latent space: YW+-. For YW+ a separate w is chosen for
each layer of G,. However, as highlighted by [268, 233], this extended definition achieves
higher reconstruction quality in exchange for lower editability. Therefore, [233] carefully
design an encoder to maintain editability by mapping to regions of V4 that are close to
the original distribution of W. Following [116], we use basic latent optimization in W
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Model MSE| PSNR{ SSIM?t FID |
BigGAN 0.10 10.85 026  47.48
StyleGAN-XL  0.06 1345 033 2173

Table 4.4: Inversion Results. The metrics are computed between the inversions obtained
by the model and the reconstruction targets.

for inversion. Given a target image, we first compute its average style code w by run-
ning 10000 random latent codes z and target specific class samples ¢ through the mapping
network. As the class label of the target image is unknown, we pass it to a pretrained clas-
sifier. We then use the classifier logits as a multinomial distribution to sample ¢. In our
experiments, we use Deit-base [230] as a classifier, but other choices are possible. At the
beginning of optimization, we initialize w = w. The components of w are the only train-
able parameters. The optimization runs for 1000 iterations using the Adam optimizer [118]
with default parameters. We optimize the LPIPS [259] distance between the target image
and the generated image. For StyleGAN-XL, the maximum learning rate is A4, = 0.05.
It is ramped up from zero linearly during the first 50 iterations and ramped down to zero
using a cosine schedule during the last 250 iterations. For BigGAN, we empirically found
Amax = 0.001 and a ramp-down over the last 750 iterations to yield the best results. All
inversion experiments are performed at resolution 5122 and computed on 5k images (10%
of the validation set). We report the results in Table 4.4 and show qualitative results in
Fig. 4.11. We find that StyleGAN-XL already achieves satisfactory inversion results using
basic latent optimization. For inversion on the ImageNet validation set at 5122, StyleGAN-
XL yields PSNR = 13.5 on average, improving over BigGAN at PSNR = 10.8. Besides
better pixel-wise reconstruction, StyleGAN-XL’s inversions are semantically closer to the
target images. We measure the FID between reconstructions and targets, and StyleGAN-
XL attains FID = 21.7 while BigGAN reaches FID =47.5.

Given the results above, it is also possible to further refine the obtained reconstruc-
tions. [190] recently introduced pivotal tuning inversion (PTI). PTI uses an initial inverted
style code as a pivot point around which the generator is finetuned. Additional regular-
ization prevents altering the generator output far from the pivot. Combining PTI with
StyleGAN-XL allows us to invert both in-domain (ImageNet validation set) and out-of-
domain images almost precisely. At the same time, the generator output remains perceptu-
ally smooth, see Fig. 4.12.

Image Manipulation. Given the inverted images, we can leverage GAN-based editing
methods [237, 87,214, 120, 222] to manipulate the style code w. In Fig. 4.13 (Left), we first
invert a given source image via latent space optimization. We can then apply manipulation
directions obtained by, e.g., GANspace [87]. Prior work [104] also investigates in-plane
translation. This operation can be directly defined in the input grid of StyleGAN-XL. The
input grid also allows performing extrapolation; see Fig. 4.13 (Left).

An inherent property of StyleGAN is the ability of style mixing by supplying the style
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Source BigGAN StyleGAN-XL Source BigGAN StyleGAN-XL

Figure 4.11: Inversion of a Given Source Image. For BigGAN, we invert to its latent space
z, for StyleGAN-XL we invert to style codes w.

Figure 4.12: Interpolations. StyleGAN-XL generates smooth interpolations between sam-
ples of different classes (Row I & Row 2). PTI allows inverting to the latent space with
low distortion (outermost image, Row 3 & Row 4), and consistently embeds out-of-domain
inputs, such as the one on the bottom right.
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codes of two samples to different layers of Gy, generating a hybrid image. This hybrid takes
on different semantic properties of both inputs. Style mixing is commonly employed for
instances of a single domain, i.e., combining two human portraits. StyleGAN-XL inherits
this ability and, to a certain extent, even generates out-of-domain combinations between
different classes, akin to counterfactual images [204]. This technique works best for aligned
samples, similar to StyleGAN’s originally favored setting, FFHQ. Curated examples are
shown in Fig. 4.13 (Right).

4.4 Discussion

Our contributions allow StyleGAN to accomplish state-of-the-art high-resolution image
synthesis on ImageNet. Furthermore, applying it to big and small unimodal datasets is
straightforward, and we also achieve state-of-the-art performance on FFHQ and Pokemon
at resolution 10242. Exploring new editing methods and dataset generation [30, 134] us-
ing StyleGAN-XL are exciting future avenues. Furthermore, future work may tackle an
even larger megapixel dataset. However, a larger yet diverse dataset is not available so far.
Current large-scale, high-resolution datasets are of single object classes or contain many
similar images [261, 70, 174].

Several limitations of the current model remain, which we discuss below.

Architectural Limitations. First, StyleGAN-XL is three times larger than StyleGAN3,
constituting a higher computational overhead when used as a starting point for finetun-
ing. Therefore, it will be worth exploring GAN distillation methods [32] that trade-off
performance for model size. Second, StyleGAN-XL uses translation-equivariant layers of
StyleGAN3-T. As described above, StyleGAN3-R tends to produce overly symmetrical
images and adds significant computational overhead. Finding a more efficient rotational-
equivariant architecture is an important future direction. Second, we find StyleGAN3, and
consequently, StyleGAN-XL, harder to edit, e.g., high-quality edits via WV are noticeably
easier to achieve with StyleGAN2. As already observed in [114], StyleGAN3’s seman-
tic controllability is reduced for the sake of equivariance. However, techniques using the
StyleSpace [247], e.g., StyleMC [120], tend to yield better results in our experiments, con-
firming the findings of concurrent work by [6]. Furthermore, we remark that our framework
can also easily be used with StyleGAN2 layers.

Comparison to Diffusion Models. Our model is larger than earlier StyleGANS, yet it is
still several orders of magnitudes faster than ADM; we compare inference speeds in Ta-
ble 4.5. Low data coverage is a known problem of GANs, and StyleGAN-XL makes no-
table headway on this issue. However, StyleGAN-XL is still outperformed by diffusion
models regarding data coverage. Furthermore, classes of unaligned humans and human
faces are particularly challenging for all compared approaches, likely due to ImageNet’s
emphasis on non-human objects [53]. For such classes, we observe that ADM [53] gener-
ates more convincing human faces than BigGAN [24] or StyleGAN-XL. Both GANs can
synthesize realistic faces; however, the main challenge in this setting is that the dataset is
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Source Inversion Edit Sample A Sample B Mixture

Figure 4.13: Image Editing and Style Mixing. Left: First, a given image is inverted via
PTI [190]. Right: Given two images, we can mix their styles. This methods works for sam-
ples of the same or similar classes, and to a certain extent, for distant classes. For this
experiment, we utilize random samples instead of inversions.

Figure 4.14: Image Manipulation via Language. Given a random sample, we manipulate
the image by by following semantic directions in latent space found by StyleMC [120]. The
latent space directions from top to bottom are: “smile”, "no stripes”, and "big eyes”.
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ADM BigGAN StyleGAN-XL

Figure 4.15: Imagenet Classes Containing Humans. Samples for BigGAN and ADM are
taken from [53].

Model Inference Time |

Res. 128> Res. 256> Res. 5122
ADM 27.07 40.26 91.54
StyleGAN-XL 0.05 0.07 0.10

Table 4.5: Inference speed comparison.. We measure the time required for a forward pass
with batch size 1 in V100-seconds. ADM uses classifier guidance.

unstructured, and the humans are not aligned. [24] remarked on the particular challenge of
classes containing details to which human observers are more sensitive. We show exam-
ples in Fig. 4.15. Whether the points above are a general limitation of GANs remains an
interesting open question for future research.
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5 Large-Scale Text-to-Image Synthesis with
GANSs

5.1 Introduction

We have shown that GANs can be scaled beyond datasets of medium-sized, uni-modal
datasets. A natural progression from this point is to further upscale — from one mil-
lion images contained in ImageNet to several hundreds of millions of data points. At this
scale, generative modeling commonly becomes text-conditional. In text-to-image synthe-
sis, novel images are generated based on text prompts. The state-of-the-art in this task has
recently taken dramatic leaps forward thanks to two key ideas. First, using a large pre-
trained language model as an encoder for the prompts makes it possible to condition the
synthesis based on general language understanding [183, 194]. Second, using large-scale
training data consisting of hundreds of millions of image-caption pairs [208] allows the
models to synthesize almost anything imaginable.

Training datasets continue to increase rapidly in size and coverage. Consequently, text-
to-image models must be scalable to a large capacity to absorb the training data. Recent
successes in large-scale text-to-image generation have been driven by diffusion models
(DM) [183, 194, 191] and autoregressive models (ARM) [257, 253, 72] that seem to have
this property built in, along with the ability to deal with highly multi-modal data.

Interestingly, GANs— the dominant family of generative models in smaller and less
diverse datasets — have not been particularly successful in this task [267]. Our goal is to
show that they can regain competitiveness.

The primary benefits offered by GANSs are inference speed and control of the synthe-
sized result via latent space manipulations. StyleGAN [115, 116, 114] in particular has a
thoroughly studied latent space, which allows principled control of generated images [18,
87, 212, 2, 109]. While there has been notable progress in speeding up DMs [199, 112,
146], they are still far behind GANSs that require only a single forward pass.

We draw motivation from the observation that GANs lagged similarly behind diffusion
models in ImageNet [48, 53] synthesis until we redesigned the discriminator architecture
for StyleGAN-XL, which allowed GANSs to close the gap. In Section 5.2, we start from
StyleGAN-XL and revisit the generator and discriminator architectures, considering the
requirements specific to the large-scale text-to-image task: large capacity, extremely di-
verse datasets, strong text alignment, and controllable variation vs. text alignment tradeoff.

We have a fixed training budget of 4 weeks on 64 NVIDIA A100s available for train-
ing our final model at scale. This constraint forces us to set priorities because the budget
is likely insufficient for state-of-the-art, high-resolution results [44]. While the ability of
GAN:Ss to scale to high resolutions is well known [241, 116], successful scaling to the large-
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Figure 5.1: Quality vs. speed in large-scale text-to-image synthesis. StyleGAN-T greatly
narrows the quality gap between GANs and other model families while generating samples
at a rate of 10 FPS on an NVIDIA A100. The y-axis corresponds to zero-shot FID on MS
COCO at 256 X256 resolution; lower is better.

scale text-to-image task remains undocumented. We thus focus primarily on solving this
task in lower resolutions, dedicating only a limited budget to the super-resolution stages.

Our StyleGAN-T achieves a better zero-shot MS COCO FID [140, 90] than current state-
of-the-art diffusion models at a resolution of 64 x64. At 256256, StyleGAN-T halves the
zero-shot FID previously achieved by a GAN but continues to trail SOTA diffusion models.
The key benefits of StyleGAN-T include its fast inference speed and smooth latent space
interpolation in the context of text-to-image synthesis, illustrated in Fig. 5.1 and Fig. 5.2,
respectively.

5.2 StyleGAN-T

We choose StyleGAN-XL as our baseline architecture because of its strong performance
in class-conditional ImageNet synthesis. In this section, we modify this baseline piece by
piece, focusing on the generator (Section 5.2.1), discriminator (Section 5.2.2), and varia-
tion vs. text alignment tradeoff mechanisms (Section 5.2.3) in turn.

Throughout the redesign process, we measure the effect of our changes using zero-shot
MS COCO. For practical reasons, the tests use a limited compute budget, smaller models,
and a smaller dataset than the large-scale experiments in Section 5.3. We quantify sample
quality using FID [90] and text alignment using CLIP score [89]. Following prior art [16],
we compute the CLIP score using a ViT-g-14 model trained on LAION-2B [208].

To change the class conditioning to text conditioning in our baseline model, we embed
the text prompts using a pretrained CLIP ViT-L/14 text encoder [178] and use them in place
of the class embedding. Accordingly, we also remove the training-time classifier guidance.
This simple conditioning mechanism matches the early text-to-image models [185, 186].
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2 N

"A forest rendered in the Unreal Engine. "A painting of a fox in the style of starry night.’

Figure 5.2: Example images and interpolations. StyleGAN-T generates diverse samples
matching the text prompt and allows for smooth interpolations between prompts, illustrated
as a single continuous interpolation in scanline order. Generating these 56 samples at
512x512 takes 6 seconds on an NVIDIA RTX 3090, while a comparable grid takes up to
several minutes with current diffusion models.
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(b) Generator details (c) Discriminator architecture
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(a) Generator architecture  (d) Text encoding

Figure 5.3: Overview of StyleGAN-T. (a) Our generator architecture (Section 5.2.1) is
closely related to StyleGAN2, with the learned constant replaced with Fourier features and
conditioning applied in a slightly different place. (b) For each resolution, a generator block
is executed and its contribution is accumulated to the image via a dedicated ToRGB layer.
The generator blocks employ residual connections and a new 2" order style mechanism
(Eq. 5.1). (¢) Our discriminator (Section 5.2.2) processes the intermediate tokens of a
DINO-trained vision transformer using 5 identical discriminator heads. Text conditioning
is done using projection at the end. (d) Text prompt is embedded using CLIP and supplied
to the generator and discriminator. We also employ a guidance term to further improve text
alignment (Section 5.2.3).

As shown in Table 5.1, this baseline reaches a zero-shot FID of 51.88 and CLIP score of
5.58 in our lightweight training configuration. Note that we use a different CLIP model for
conditioning the generator and for computing the CLIP score, which reduces the risk of
artificially inflating the results.

5.2.1 Redesigning the Generator

StyleGAN-XL uses StyleGAN3 layers to achieve translational equivariance. While equiv-
ariance can be desirable for various applications, we do not expect it to be necessary
for text-to-image synthesis because none of the successful DM/ARM-based methods
are equivariant. Additionally, the equivariance constraint adds computational cost and
poses certain limitations to the training data that large-scale image datasets typically vi-
olate [114].

62



5.2 StyleGAN-T

Zero-shot FID3ox | CLIP score T

StyleGAN-XL 51.88 5.58
New generator 45.10 6.02
New discriminator 26.77 9.78
Lcrip 20.52 11.72

Table 5.1: Architecture ablation. Our architectural changes notably improve sample qual-
ity and text alignment. Here, we use the lightweight training configuration described in Sec-
tion 5.3.1.

For these reasons, we drop the equivariance requirement and switch to a StyleGAN2
backbone for the synthesis layers, including output skip connections and spatial noise
inputs that facilitate stochastic variation of low-level details. The high-level architecture
of our generator after these changes is shown in Fig. 5.3a. We additionally propose two
changes to the details of the generator architecture (Fig. 5.3b).

Residual convolutions. As we aim to increase the model capacity significantly, the gen-
erator must be able to scale in both width and depth. However, in the basic configuration, a
significant increase in the generator’s depth leads to an early mode collapse in training. An
important building block in modern CNN architectures [145, 53] is an easily optimizable
residual block that normalizes the input and scales the output. Following these insights, we
make half the convolution layers residual and wrap them by GroupNorm [246] for normal-
ization and Layer Scale [231] for scaling their contribution. A layer scale of a low initial
value of 107> allows gradually fading in the convolution layer’s contribution, stabilizing
the early training iterations significantly. This design allows us to increase the total num-
ber of layers considerably — by approximately 2.3 in the lightweight configuration and
4.5 in the final model. For fairness, we match the parameter count of the StyleGAN-XL
baseline.

Stronger conditioning. The text-to-image setting is challenging because the factors of
variation can vastly differ per prompt. Consider the prompts “a close-up of a face” and
“a beautiful landscape.” The first prompt should generate faces with varying eye color,
skin color, and proportions, whereas the second should produce landscapes from different
areas, seasons, and daytime. In a style-based architecture, all of this variation has to be
implemented by the per-layer styles. Thus the text conditioning may need to affect the
styles much more strongly than was necessary for simpler settings.

In early tests, we observed a clear tendency of the input latent z to dominate over the
text embedding ¢ in our baseline architecture, leading to poor text alignment. To remedy
this, we introduce two changes that aim to amplify the role of c.x. First, we let the text
embeddings bypass the mapping network, following the observations by Héarkonen et al.
[86]. A similar design was also used in LAFITE [267], assuming that the CLIP text en-
coder defines an appropriate intermediate latent space for the text conditioning. We thus
concatenate ¢ directly to w and use a set of affine transforms to produce per-layer styles
S. Second, instead of using the resulting § to modulate the convolutions as-is, we further
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split it into three vectors of equal dimension §; > 3 and compute the final style vector as
Ss=81©8 +8;. (5.1

The crux of this operation is the element-wise multiplication © that effectively turns the
affine transform into a 2™ order polynomial network [41, 42], increasing its expressive
power. The stacked MLP-based conditioning layers in DF-GAN [226] implicitly include
similar 2" order terms.

Together, our changes to the generator improve FID and CLIP score by ~10%, as shown
in Table 5.1.

5.2.2 Redesigning the Discriminator

We redesign the discriminator from scratch but retain Projected GAN’s key ideas of relying
on a frozen, pretrained feature network and using multiple discriminator heads.

Feature network. For the feature network, we choose a ViT-S [57] trained with the self-
supervised DINO objective [28]. The network is lightweight, fast to evaluate, and encodes
semantic information at high spatial resolution [9]. An additional benefit of using a self-
supervised feature network is that it circumvents the concern of potentially compromising
FID [128].

Architecture. Our discriminator architecture is shown in Fig. 5.3c. ViTs are isotropic,
i.e., the representation size (tokens x channels) and receptive field (global) are the same
throughout the network. This isotropy allows us to use the same architecture for all dis-
criminator heads, which we space equally between the transformer layers. As we showed
in Chapter 3, multiple heads are beneficial, and we use five heads in our design.

Our discriminator heads are minimalistic, as detailed in Fig. 5.3c, bottom. The residual
convolution’s kernel width controls the head’s receptive field in the token sequence. We
found that 1D convolutions applied on the sequence of tokens performed just as well as 2D
convolutions applied on spatially reshaped tokens, indicating that the discrimination task
does not benefit from whatever 2D structure remains in the tokens. We evaluate a hinge
loss [137] independently for each token in every head.

For Projected GANs, we use synchronous BatchNorm [102] to provide batch statistics
to the discriminator. BatchNorm is problematic when scaling to a multi-node setup, as it
requires communication between nodes and GPUs. We use a variant that computes batch
statistics on small virtual batches [95]. The batch statistics are not synchronized between
devices but are calculated per local minibatch. Furthermore, we do not use running statis-
tics, and thus no additional communication overhead between GPUs is introduced.

Lastly, we find that we can abstain from utilizing random projections, which we intro-
duced in Chapter 3 as a regularization technique. Random projections were primarily aimed
at obfuscating the feature space and thus balancing the adversarial game by making it more
challenging for the discriminator. However, we have found through experimentation and
design iterations that such obfuscation is no longer necessary with a well-conceived ar-
chitecture. With only three convolutional layers per discriminator, the capacity limit in-
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duces a natural regularization effect that helps prevent overfitting and maintains a balanced
adversarial dynamic. This simplification retains the effectiveness of the Projected GAN
paradigm and reduces complexity.

Augmentation. We apply differentiable data augmentation [265] with default parameters
before the feature network in the discriminator. We use random crops when training at a
resolution larger than 224 x224 pixels (ViT-S training resolution).

As shown in Table 5.1, these changes significantly improve FID and CLIP score by
further ~40%. This considerable improvement indicates that a well-designed discrimina-
tor is critical when dealing with highly diverse datasets. Compared to the StyleGAN-XL
discriminator, our simplified redesign is ~2.5x faster, leading to ~1.5x faster training.

5.2.3 Variation vs. Text Alignment Tradeoffs

Guidance [53, 93] is an essential component of current text-to-image diffusion models. It
trades variation for perceived image quality in a principled way, preferring images that are
strongly aligned with the text conditioning. In practice, guidance drastically improves the
results; thus, we want to approximate its behavior in the context of GANSs.

Guiding the generator. StyleGAN-XL uses a pretrained ImageNet classifier to provide
additional gradients during training, guiding the generator toward images that are easy
to classify. This method improves results significantly. In the context of text-to-image,
“classification” involves captioning the images. Thus, a natural extension of this approach
is to use a CLIP image encoder instead of a classifier. Following Crowson et al. [47], at
each generator update, we pass the generated image through the CLIP image encoder to
obtain caption €jmage, and minimize the squared spherical distance to the normalized text
embedding Cext:

»CCLIP = arCCOSZ (cimage : ctext) (52)

This additional loss term guides the generated distribution towards images that are cap-
tioned similarly to the input text encoding cy;. Its effect is thus similar to the guidance in
diffusion models. Fig. 5.3d illustrates our approach.

CLIP has been used in prior work to guide a pretrained generator during synthesis [164,
47, 144]. In contrast, we use it as a part of the loss function during training. It is important
to note that overly strong CLIP guidance during training impairs FID, as it limits the dis-
tribution diversity and ultimately starts introducing image artifacts. Therefore, the weight
of Lcrip in the overall loss needs to strike a balance between image quality, text condition-
ing, and distribution diversity; we set it to 0.2. We further observed that guidance is helpful
only up to 64 x 64 pixel resolution. At higher resolutions, we apply Lcrp to random 64 x 64
pixel crops.

As shown in Table 5.1, CLIP guidance improves FID and CLIP scores by further ~20%.

Guiding the text encoder. Interestingly, the earlier methods listed above that use a pre-
trained generator did not report encountering low-level image artifacts. We hypothesize
that the frozen generator acts as a prior that suppresses them. We build on this insight to
further improve the text alignment. In our primary training phase, the generator is trainable
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v =1.00

CS=0.33

v =0.60

CS=0.36

Figure 5.4: Truncation. Four samples for the prompt “a graphite sketch of Eva Longoria”
with different random z. Increasing truncation (decreasing ) improves the text alignment
according to mean CLIP score per row (CS) at the cost of lower variation.

and the text encoder is frozen. We then introduce a secondary phase, where the generator
is frozen and the text encoder becomes trainable instead. We only train the text encoder
as far as the generator conditioning is concerned; the discriminator and the guidance term
(Eq. 5.2) still receive ciex; from the original frozen encoder. This secondary phase allows a
very high CLIP guidance weight of 50 without introducing artifacts and significantly im-
proves text alignment without compromising FID (Section 5.3.3). Compared to the primary
phase, the secondary phase can be much shorter. After convergence, we continue with the
primary phase.

Explicit truncation. Typically variation has been traded to higher fidelity in GANs
using the truncation trick [148, 25, 115], where a sampled latent w is interpolated to-
wards its mean with respect to the given conditioning input. This way, truncation pushes
w to a higher-density region where the model performs better. In our implementation,
w = [f(z), Cwext), Where f(-) denotes the mapping network, so the per-prompt mean is
given by W = E,[w] = [f, cex, where f = E,[f(z)]. We thus implement truncation by
tracking f during training and interpolating between W and w according to scaling param-
eter y € [0, 1] at inference time.

We illustrate the impact of truncation in Fig. 5.4. In practice, we rely on the combination
of CLIP guidance and truncation. Guidance improves the model’s overall text alignment,
and truncation can further boost quality and alignment for a given sample, trading away
some variation.
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5.3 Experiments

Using the final configuration developed in Section 5.2, we scale the model size, dataset, and
training time. Our final model consists of ~1 billion parameters; we did not observe any in-
stabilities when increasing the model size. We train on a union of several datasets amount-
ing to 250M text-image pairs in total. We use progressive growing similar to StyleGAN-
XL, except that all layers remain trainable.

5.3.1 Configuration Details

Table 5.2 lists the training and network architecture hyperparameters for our two config-
urations: lightweight (used for ablations) and full configuration (used for main results).

Table 5.3 details the training schedules.

Lightweight Full
Generator channel base 32768 65536
Generator channel max 512 2048
Number of residual blocks per generator block 3 4
Generator parameters 75 million 1.02 billion
Text encoder parameters 123 million 123 million
Latent (z) dimension 64 64
Discriminator’s feature network DINO ViT-S/16 DINO ViT-S/16
Discriminator head’s input feature space size 384 384
Discriminator head’s feature space size at text conditioning 64 64
Dataset size 12M 250M
Number of GPUs 8 64
Batch size 2048 2048
Optimizer Adam Adam
Generator learning rate 0.002 0.002
Generator Adam betas (0, 0.99) (0, 0.99)
Discriminator learning rate 0.002 0.002
Discriminator Adam betas (0, 0.99) (0,0.99)
EMA 0.9978 0.9978
CLIP guidance weight 0.2 0.2 (primary phase), 50 (secondary phase)
Progressive growing No Yes

Table 5.2: Generator, discriminator, and training hyperparameters for the two setups
used in this paper: Lightweight and Full configuration.

Lightweight training configuration. We train using the CC12M dataset [33] at 64 x64
resolution, without using progressive growing.

Full training configuration. We train using a union of several datasets: CC12m [33],
CC [211], YFCC100m (filtered) [227, 218], Redcaps [51], LAION-aesthetic-6+ [208].
This amounts to a total of 250M text-image pairs. We use progressive growing similar
to StyleGAN-XL, except that all layers remain trainable.

The total training time was four weeks on 64 A100 GPUs using a batch size of 2048. We
first trained the primary phase for 3 weeks (resolutions up to 64 x64), then the secondary
phase for 2 days (text embedding), and finally the primary phase again for 5 days (reso-
lutions up to 512x512). For comparison, our total compute budget is about a quarter of
Stable Diffusion’s [44].
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Lightweight Full
Primary Phase Primary Phase
64x64 for 50 A100 days (25 million iterations) 16x16 for 450 A100 days (118,000 iterations)
32x32 for 450 A100 days ( 78,000 iterations)
64x64 for 450 A100 days ( 57,000 iterations)

Secondary Phase
190 A100 days (20,000 iterations)

Primary Phase
128x128 for 96 A100 days (10,000 iterations)
256x256 for 70 A100 days ( 6,000 iterations)
512x512 for 30 A100 days ( 3,000 iterations)

Table 5.3: Training schedules for the two training configurations used in this paper. The
times are listed as the number of days it would have taken on a single NVIDIA A100 GPU.
An iteration corresponds to 2048 real and generated examples.

Model Model type Zero-shot FID3ox  Speed [s]
Stable Diffusion *  Diffusion 8.40 -

eDiff-1 Diffusion 7.60 26.0

LDM * Diffusion 7.59 -

GLIDE Diffusion 7.40 10.9
LAFITE * GAN 14.80 ~0.01
StyleGAN-T GAN 7.30 0.06

* downsampled to 64 x 64 pixels using Lanczos — not available

Table 5.4: Comparison of FID on MS COCO 64x64. Inference speeds are measured on
an A100. For LAFITE we estimate what its speed would be at a native 64 x64 resolution.

5.3.2 Quantitative Comparison to State-of-the-Art

We use zero-shot MS COCO to compare the performance of our model to the state-of-the-
art quantitatively at 64 x 64 pixel output resolution in Table 5.4 and 256 x256 in Table 5.5.
At low resolution, StyleGAN-T outperforms all other approaches in terms of output quality
while being very fast to evaluate. In this test, we use the model before the final training
phase, i.e., one that produces 64 x 64 images natively. At high resolution, StyleGAN-T still
significantly outperforms LAFITE but lags behind DMs and ARMs in terms of FID.

These results lead us to two conclusions. First, GANs can match or even beat current
DMs in large-scale text-to-image synthesis at low resolution. Second, a powerful super-
resolution model is crucial. While FID slightly decreases in eDiff-I when moving from
64 x64 to 256x256 (7.60—6.95), it currently almost doubles in StyleGAN-T. Therefore,
it is evident that StyleGAN-T’s superresolution stage is underperforming, causing a gap to
the current state-of-the-art high-resolution results. Whether this gap can be bridged simply
with additional capacity or longer training is an open question.
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Model Model type Zero-shot FID3gx  Speed [s]
LDM Diffusion 12.63 3.7
GLIDE Diffusion 12.24 15.0
DALL-E 2 Diffusion 10.39 -
Stable Diffusion *  Diffusion 8.59 3.7
Imagen Diffusion 7.27 9.1
eDiff-1 Diffusion 6.95 32.0
DALL-E Autoregressive 27.50 -
Ernie-ViLG Autoregressive 14.70 -
Make-A-Scene *  Autoregressive 11.84 25.0
Parti-3B Autoregressive 8.10 6.4
Parti-20B Autoregressive 7.23 -
LAFITE GAN 26.94 0.02
StyleGAN-T * GAN 13.90 0.10
* downsampled to 256 <256 pixels using Lanczos —not available

Table 5.5: Comparison of FID on MS COCO 256x256. Inference speeds are measured
on an A100, except for Imagen and Parti that use a faster TPUv4 accelerator. The Stable
Diffusion numbers are from [16, 130]; the other numbers are obtained from the respective
papers or through correspondence with the authors.

5.3.3 Evaluating Variation vs. Text Alignment

We report FID-CLIP score curves in Fig. 5.5. We compare StyleGAN-T to a strong DM
baseline (CLIP-conditioned variant of eDiff-I) and a fast, distilled DM baseline (SD dis-
tilled) [149].

Using Truncation, StyleGAN-T can push the CLIP score to 0.305, successfully improv-
ing text alignment. StyleGAN-T outperforms SD-distilled in both FID and CLIP scores
yet remains behind eDiff-I. Regarding speed, eDiff-I requires 32.0 seconds to generate a
sample. SD-distilled is significantly faster and only needs 0.6 seconds at its best perfor-
mance at eight sampling steps. StyleGAN-T beats both baselines, generating a sample in
0.1 seconds.

To isolate the impact of text encoder training, we evaluate FID-CLIP score curves
in Fig. 5.6. For this experiment, we utilize the same generator network and only swap
the text encoder. As the generator has been frozen in the secondary phase, it can handle
both the original and fine-tuned CLIP text embeddings, as evidenced by their equal per-
formance measured by FID. Fine-tuning the text encoder significantly improves the CLIP
score without compromising FID.

5.3.4 Qualitative Results

Fig. 5.2 shows example images produced by StyleGAN-T, along with interpolations be-
tween them.

69



5 Large-Scale Text-to-Image Synthesis with GANs

28
—e— SD-distilled

Q%‘ 26 eDiff-1
% ol ™ StyleGAN-T
o
e
T 22
o
5
N 20

18

0.27 0.28 0.29 0.30 0.31
CLIP score (ViT-g-14)

Figure 5.5: Comparing text alignment tradeoffs. We compare FID-CLIP score curves
of StyleGAN-T, distilled Stable Diffusion (SD-distilled), and eDiff-1. We report values of
SD-distilled at a guidance scale of w = 4. For a fair comparison, we report numbers
for CLIP-conditioned eDiff-1 disabling additional conditioning on T5-XXL text embed-
dings. The models use different methods to increase the CLIP score (i.e., text alignment):
StyleGAN-T decreases truncation y = {1.0...0.0}, SD-distilled increases the number of
sampling steps {2,4,8}, eDiff-I increases guidance scale w = {0...10}.

Interpolating between different text prompts is straightforward. For an image generated
by an intermediate latent wo = [f(Z), Cexio], We substitute the text condition cexio With a
new text condition ciex¢. We then interpolate wo towards the new latent w; = [f(2), Ctext1]
as shown in Fig. 5.7. This approach is similar to DALL-E 2’s text diff operation that in-
terpolates between CLIP embeddings. Previous work for manipulating GAN-generated
images [171] typically discovers these latent directions via a training process that needs
to be repeated per prompt and is, therefore, expensive. Meaningful latent directions are a
built-in property of our model, and no extra training is needed.

By appending different styles to a prompt, StyleGAN-T can generate a wide variety of
styles as shown in Fig. 5.8. Subjects tend to be aligned for a fixed latent z.

Fig. 5.9 shows additional examples of truncation. Fig. 5.10 shows qualitative compar-
isons to Latent Diffusion [191], Stable Diffusion [191], DALL-E 2 [183]. We use the same
prompts as in the truncation study.

5.4 Discussion

Similarly to DALL-E 2, which also uses CLIP as the underlying language model,
StyleGAN-T sometimes struggles in terms of binding attributes to objects as well as pro-
ducing coherent text in images (Fig. 5.11). Using a larger language model would likely
resolve this issue at the cost of slower runtime [194, 16].

Guidance via CLIP loss is vital for good text alignment, but high guidance strength
results in image artifacts. A possible solution could be to retrain CLIP on higher-resolution
data that does not suffer from aliasing or other image quality issues. In this context, the
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Figure 5.6: Text encoder training. Training the CLIP text encoder (TE) pushes the entire
FID—CLIP score curve to the right, hence, increasing overall text alignment.

conditioning mechanism in the discriminator may also be worth revisiting.

Truncation improves text alignment but differs from guidance in diffusion models in two
important ways. While truncation is always towards a single mode, guidance can at least
theoretically be arbitrarily multi-modal. Also, truncation sharpens the distribution before
the synthesis network, which can reshape the distribution in arbitrary ways, thus, possibly
undoing any prior sharpening. Therefore, alternative methods to truncation might further
improve the results.

Improved super-resolution stages (i.e., high-resolution layers) through higher capacity
and longer training are obvious avenues for future work.

Methods for “personalizing” diffusion models have become popular [193, 73]. They
finetune a pretrained model to associate a unique identifier with a given subject, allowing
it to synthesize novel images of the same subject in novel contexts. Such approaches could
be similarly applied to GANS.
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¢

“acute puppy” —  “acute blue puppy, Madhubani painting”

“a landscape in winter” —  “alandscape in fall”

Figure 5.7: Latent manipulation. Samples (first column) can be manipulated by following
semantic directions in latent space.
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Figure 5.8: Styles. Samples generated by StyleGAN-T for a fixed random seed and the
caption “astronaut, {X}”, where X is denoted below each image.
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“A surrealist dream-like oil painting by
Salvador Dali of a cat playing checkers*

“A still of Kermit The Frog in WALL-E (2008)”

vy =1.00

CS=0.39

“aa

y=0.10 #

CS=0.40

“A transformer robot with legs and arms
made out of vegetation and leaves*

Figure 5.9: Additional truncation grids. We show samples for 6 different prompts and 5
different random latents, shared between the prompts. Increasing truncation (decreasing
V), improves the text alignment according to mean CLIP score per row, CS, at the cost of

lower variation.
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Figure 5.10: Qualitative Comparisons. We show samples for 6 different prompts and 5
different random latents, shared between the prompts. For StyleGAN-T, we set y = 0.6.
LDM and Stable Diffusion utilize 250 and 50 sampling steps, respectively, utilizing the
DDIM / PLMS sampler [143]. For DALL-E 2, we generate images via the official DALL-E

service [168].
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“ared cube on “astronaut, child’s “A green apple and
a blue cube” drawing” a black backpack”

14 3433
OAL10AT

“A storefront with “A neon sign that “a sign that says
”NeurIPS” written on it” says "Hello World™” ”deep learning™”

“A mouse as the “Panda mad scientist “A graphite sketch
vitruvian man” mixing sparkling chemicals” of Elon Musk”

Figure 5.11: Failure cases. StyleGAN-T can fail to bind attributes to objects or generate
separate entities (top row) and to produce coherent text (middle row). Furthermore, the
model struggles at high-resolution, resulting in samples with low details and text coherence
(bottom row).
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6 Quantifying Progress: Projected GAN to
StyleGAN-XL to StyleGAN-T

In this chapter, we focus on quantifying the advancements made in our research, from the
introduction of Projected GANs (Chapter 3) to the development of StyleGAN-XL (Chap-
ter 4) and StyleGAN-T (Chapter 5). Throughout the progression of our research, we con-
sistently strived to improve both the architecture of the models and the training methods
applied. Concurrently, the training settings have progressively grown in scale and com-
plexity. In the subsequent sections, we delve into a comparative study of these approaches,
analyzing each model’s architecture and training configuration. Notably, we ensure a fair
comparison by applying all methods to the same dataset.

6.1 Comparing Configurations

We compare generator, discriminator, guidance, and training hyperparameters in Table 6.1.

Generator. The type of layers in the generator evolve from standard convolutions in Fast-
GAN to alias-free modulated convolutions in StyleGAN3 and, eventually, back to standard
modulated convolutions in StyleGAN2. This transition was guided by the unique benefits
each layer type provides. We initially opted for StyleGAN?2 to obtain alias-free generation
with the added advantage of modulated convolutions, which improve inversion and control-
lability. For StyleGAN-T, we incorporate StyleGAN?2 layers as they are computationally
cheaper than StyleGAN3 layers, albeit without the added benefit of alias-free generation. A
notable observation is the benefit of reducing the latent dimension. This adjustment enables
the training of style-based generators within the Projected GAN paradigm.

As our research progresses, there is a consistent increase in the size and depth of our
generator models. This trend peaks with StyleGAN-T, which incorporates up to 1 bil-
lion parameters, directly paralleling the growth of our datasets. Finally, the conditioning
mechanism is adapted to the respective training settings. We transition from unconditional
generation to class-conditional to text-conditional generation.

Discriminator & Guidance. We consistently leverage hinge loss throughout our work,
following [142], as our experiments did not identify any other loss functions as superior.
Even though differentiable augmentation for GANs [265] was developed to boost perfor-
mance on small datasets, we observe in Chapter 4 that it is also beneficial in large-scale
settings. We posit that data augmentation helps prevent the discriminator from focusing on
imperceptible, high-frequency signals, similar to adversarial attacks, as noted [144].

In designing the discriminator architecture, we find that random projections are not
needed with the right architecture. As conjectured in Chapter 5, this is primarily due to
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6 Quantifying Progress: Projected GAN to StyleGAN-XL to StyleGAN-T

the low-capacity architecture implicitly constraining the discriminator sufficiently. The dis-
criminator’s feature network started from a basic CNN. In StyleGAN-XL, we add a ViT
for richer feedback. For StyleGAN-T, we switch to a ViT trained with a self-supervised
objective. As the isotropic architecture of the ViT facilitates a controlled search for the
optimal discriminator architecture, we are able to run more targeted experiments. With the
new architecture, we observe that a single ViT suffices as the feature network. Since the
performance among different feature networks is similar, we opt for a self-supervised fea-
ture network, avoiding the risk of potentially compromising FID [128]. As observed in the
discriminator parameter counts, there is no correlation between larger feature networks and
improved generative performance, as noted in Chapter 3. We supplement the discrimina-
tor’s signal with an additional discriminative model in conditional settings. For ImageNet,
we use a classifier; in the text-conditional setting, we leverage CLIP.

Training. The datasets in our experiments evolve from small or large unimodal datasets to
large multimodal datasets such as ImageNet, and eventually to even larger text-conditional
datasets. This increase in complexity and diversity is mirrored by a corresponding in-
crease in the number of GPUs required for training the models. Despite these changes
in the datasets and hardware requirements, the settings for the optimizer remain consistent
throughout our experiments. One significant observation is the importance of large batch
sizes in multimodal settings. Similar to [25], we find that a larger batch size allows each
batch to better reflect the dataset’s diversity.

Finally, we observe that reintroducing progressive growing in StyleGAN-XL is cru-
cial for handling multimodal settings. This technique, first described in [111], enables the
model to learn to generate images of increasing complexity gradually.

6.2 Comparing Performance

We evaluated Projected GAN in an unconditional setting. In contrast, StyleGAN-XL and
StyleGAN-T are applied to class- and text-conditional data. To facilitate a fair compari-
son, we modify these models to also work unconditionally. For StyleGAN-XL, we achieve
this by removing the conditioning and classifier guidance, as described in Chapter 4. This
modification allows StyleGAN-XL to generate data without needing specific class condi-
tions. Similarly, for StyleGAN-T, we remove the text-encoder and CLIP guidance. This
adjustment allows StyleGAN-T to generate images without reliance on a specific textual
description. These modifications are straightforward and enable direct comparison between
all three models.

Setup. We select FFHQ [116] as the benchmark dataset. For fairness, we endow all gener-
ators with roughly the same number of parameters (~ 30M). For all models, we train until
FID converges.

Results. We show uncurated sample grids of all models Fig. 6.1. In the progression from
Projected GAN to StyleGAN-XL to StyleGAN-T, the sample quality and diversity clearly
increase visually and as measured by FID.
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6.3 Discussion

Projected GAN StyleGAN-XL StyleGAN-T
G layer type FastGAN StyleGAN3 StyleGAN2
z dimension 256 64 64
w dimension - 512 512
G depth (# of convolution layers) 11 37 63
G channel base 65536 65536 65536
G channel max 2048 1024 2048
G model size 8OM 168M 1020M
Conditioning - Class Text
Adversarial loss type Hinge Hinge Hinge
Differentiable Augmentation True True True
Random Projections True True False
D’s feature network Effnet-lite0 Effnet-lite0 & DeiT ViT-B/16 DINO ViT-S/16
D model size (feature network) 3M 90M 2IM
D model size (random projections) 0.3M ™ -
D model size (trainable) 14M 35M 13M
Guidance - CLF guidance CLIP guidance
Dataset size 300 to 3M 1.3M 250M
Number of GPUs 8 81032 64
Optimizer Adam Adam Adam
Batch size 64 2048 2048
G learning rate 0.0025 0.0025 0.0025
D learning rate 0.0025 0.0025 0.0025
Bi 0.0 0.0 0.0
B 0.99 0.99 0.99
# D updates per G update 1 1 1
Progressive growing False True True

Table 6.1: Generator, discriminator, guidance, and training hyperparameters for the in-
troduced approaches. We compare generators for output resolution 512x512 pixels.

6.3 Discussion

In the unconditional setting, the discriminator is the main distinguishing factor. Therefore,
our experiments on FFHQ underscore the critical role of the discriminator within the GAN
framework. The discriminator is responsible for achieving high sample quality and com-
prehensive distribution coverage. In the context of conditional generation, the introduction
of guidance can augment the feedback from the discriminator, thereby improving align-
ment with the condition.

The Projected GAN paradigm can leverage ongoing advancements in representation
learning. Our progression of feature networks — from EfficientNet, to EfficientNet cou-
pled with ViT, to DINO ViT — demonstrates this adaptability. Nevertheless, the quest for
identifying the optimal features for the discriminator remains ongoing.

Our findings also underline the importance of progressive growing in efficiently training
deep networks. Although Multi-Scale Gradients (MSG) pose a plausible alternative ap-
proach [110], progressive growing presents additional computational advantages, such as
higher throughput at lower resolution [111].

Lastly, as evident from the increasing parameter count of the generator, our contributions
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Projected GAN StyleGAN-XL StyleGAN-T

FID339 FID 2.19 FID 1.46

Figure 6.1: Uncurated Results for FFHQ (256°). For a fair comparison, we show un-
truncated samples. The images are selected randomly given one global random seed. We
recommend zooming in for comparison.

have made it feasible to train much larger models than previously possible, pushing the
boundary of what GANSs can achieve.
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7 Conclusion

In this thesis, we have systematically studied GANSs to better understand their training effi-
ciency, scalability, and performance in various contexts. Our research on Projected GANs
highlights the importance of pretrained feature networks in improving stability and data
efficiency during GAN training. Building on the success of Projected GANs, we aimed to
incorporate their advantages into StyleGAN and further investigate the potential of large-
scale training of GANs. We subsequently focused on adapting StyleGAN to achieve com-
petitive performance on ImageNet. After successfully scaling GANs on ImageNet, we ex-
plored their application in a larger-scale setting, specifically text-to-image synthesis.

This work presents our pioneering attempt at constructing a GAN foundation model.
While our model exhibits comparable performance to the current state-of-the-art at lower
resolutions, a performance gap persists for high-resolution synthesis. However, our work
identifies a promising pathway towards achieving state-of-the-art performance through in-
creased computational resources, the enhancement of our superresolution model, and fur-
ther refinement of Projected GAN paradigm.

In the following, we identify current limitations, suggest potential improvements, and
consider long-term research directions for GANs, particularly in large-scale applications.

7.1 Limitations and Future Work

There are still several limitations to GANs, some of which can be addressed through ongo-
ing research, while others are intrinsic to the model family. For more specific discussions
on limitations and future directions with respect to individual contributions, we refer read-
ers to the conclusion sections of the respective chapters.

Stable Training. Training GANs can be particularly challenging due to factors such as
saddle point optimization [79], non-overlapping manifolds [12], and mode collapse [13].
Moreover, loss metrics are generally less informative, resulting in the reliance on proxy
metrics to monitor training progress [90]. However, stability can be significantly enhanced
by employing regularization techniques like R1 regularization [151] and adopting the Pro-
jected GAN paradigm. In our large-scale experiments with StyleGAN-T, we encountered
no stability issues, illustrating the efficacy of these strategies. Consequently, stability, of-
ten considered the most pressing problem when training GANs, may no longer be a major
concern for the image synthesis setting.

Iterative Refinement. In their standard configuration, GANs generate data in a single
pass, providing no opportunity to correct errors. In contrast, diffusion models and autore-
gressive models benefit from reusing the model, enabling improvements when inference
time and cost are not limiting factors. While one possibility involves adapting GANs to
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7 Conclusion

run multiple times [10], diffusion models offer a more principled approach to achieving
this goal. As a result, diffusion models are likely to maintain their superiority when it
comes to models that perform several iterations.

Diversity-Quality Tradeoff. In the case of StyleGAN-T, we discovered that truncation can
effectively balance image variation and text alignment. However, truncation is less effective
than classifier-free guidance [93] regarding both sample quality and text alignment. A more
advanced method is needed, which either enhances truncation or emulates classifier-free
guidance.

Domains Beyond Image Synthesis. The focus of this thesis is on image synthesis tasks.
Adapting the proposed approaches, such as Projected GANs, to new domains might prove
challenging. In fields like adversarial 3D-aware synthesis [209, 210, 31] and speech gen-
eration [122], a non-pretrained discriminator remains the standard as of yet. Furthermore,
GANSs are less suitable for text generation [8]. Additional research is required to deter-
mine the practical application of GANSs across various domains, as their utility may vary
depending on the area of focus.

7.2 The Future of GANSs in the Generative Model Landscape

In the evolving landscape of generative models, three prominent model families currently
stand out: GANs, Diffusion Models (DMs), and Autoregressive Models (ARMs). For nat-
ural language processing (NLP), ARMs have emerged as the dominant approach, as evi-
denced by models like GPT-3 [27] and LLaMa [232]. While DMs have made their initial
forays into NLP [135, 77], GANs are considered less useful for text generation [8]. How-
ever, when it comes to generating visual data, the situation differs. It has been shown that
both ARMs and DMs can be trained at scale for image synthesis, and our work demon-
strates that this is also possible with GANSs.

GANSs will likely remain relevant in the generative model landscape due to their single-
shot generation capability, architectural flexibility, and versatile latent space. Although
GANSs can be challenging to train, the potential payoff is substantial. GANs will likely
find continued success and adoption in various domains as they overcome their training
challenges and further demonstrate their unique strengths. The following discussion will
focus on the role of GANs for generating visual data.

Large-Scale Image Synthesis. The role of GANSs in large-scale image synthesis is evolv-
ing, with recent advancements like our proposed StyleGAN-T showing that GANs can
close the performance gap with other generative models. Scaling laws for GANs may be
further explored in future research by increasing the model size and allocating more com-
pute resources. Moreover, as GANs can generate high-quality images significantly faster
than diffusion models, deploying such models could save substantial computational costs.
Currently, the research community is primarily focused on diffusion models due to their
easier training process. Furthermore, considerable research is devoted to utilizing and in-
vestigating high-quality pretrained models. In the context of GenAl, this trend first emerged
with StyleGAN and its various iterations [115, 116, 113, 114], inspiring numerous follow-
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7.2 The Future of GANs in the Generative Model Landscape

up works that either explored pretrained checkpoints [187, 87, 171] or adapted them for
new applications [17]. The open-source release of generative foundation models, such as
Stable Diffusion [191], has triggered a Cambrian explosion of applications [258, 245, 75,
202, 83, 147]. A GAN of similar quality could have a comparable impact, reinvigorating
GAN research and driving new developments in large-scale image synthesis.

Concrete, possible applications of GANSs for general image synthesis include:

* As astandalone foundation model for general large-scale text-based image synthesis,
i.e., generating new images from scratch.

* Image-to-image translation through adapters, i.e., an additional encoder trained for
a given foundation model. A similar approach works well for DMs [258].

* As a backbone for personalized image synthesis, similar to DreamBooth for
DMs [193]. DreamBooth for GANs will unlock much faster generation of personal-
ized content.

» Asinitial seed image generator for a DM. The GAN quickly generates many samples
of lower quality, which can be selected by a human practitioner and fed into a more
powerful but slower DM.

Generative AI Systems. The role of GANs, and more broadly, adversarial losses, in gener-
ative Al systems is multifaceted. An adversarial loss can be combined with different objec-
tives, such as training the autoencoder of VQ-GANSs [67] or latent diffusion models [191].
On the other hand, the diffusion steps of a forward diffusion chain can be employed to
enhance GAN training [243]. Another approach to harnessing the power of GANs in gen-
erative systems might involve generating synthetic data with DMs and subsequently distill-
ing this data into a GAN. In this setup, DMs offer raw generative capability, while GANs
facilitate rapid inference. Another potential application entails using GANSs to refine the
samples generated by diffusion models. In this scenario, GANs serve as post-processing
tools to improve the image quality of DMs and eliminate artifacts, yielding more realistic
results.
In summary, potential applications for GANs in GenAl systems are

* Employed as an adversarial loss component during auto-encoder training, GANs
enhance detail fidelity in high-resolution outputs.

* For distilling high-quality DM samples in narrow domains on which GANs work
well. A prominent example is FFHQ, i.e., a human portrait dataset on which GANs
excel. The DM could generate a synthetic dataset on which the GAN is trained and
enables faster inference.

* As a post-processing tool for other generative models. GANs can do artifact removal
and superresolution potentially as well as other models, but much faster.

Special use-cases. GANs exhibit several unique advantages, making them suitable for spe-
cific use cases where other generative models might struggle. Real-time performance, for
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example, can be challenging to achieve with DMs as there are limits to how much they can
be sped up. Moreover, antialiasing can be difficult for DMs, as suppressing aliasing requires
intricately designed architectures and assumes a hierarchical synthesis process inherent in
GANSs [114]. GANs are also better suited for video editing applications. They offer much
faster processing times and make it easier to achieve temporal consistency, even without
training on video data [250]. This advantage enables seamless editing. Lastly, GANs have
proven valuable in specialized areas, such as scientific or medical data generation, where
foundation models might be less useful. For instance, GANs have been successfully ap-
plied for generating solar images [39] and medical scans [101], achieving performance on
par with other generative models while offering faster training and sampling times.
To summarize, GANSs shine in special use-cases:

* For applications requiring real-time performance, such as interactive sample gener-
ation and control, real-time image-to-image translation, e.g., as a realism filter for
video games.

* GAN:Ss are especially well-suited for video editing, offering faster processing times
and better temporal consistency, even without training on video data as demonstrated
by [250].

* In specialized domains such as scientific or medical data generation, GANs perform
comparably to foundation models but with faster training and sampling times.

In summary, the unique strengths of GANs ensure their continued relevance in the genera-
tive model landscape, especially in specialized use cases where their capabilities shine.



A Credits

In the next section, we detail the individual contributions for the three research projects
in this thesis. These results emerged from collective efforts, and precise role attribution
may be approximate. All authors significantly contributed to each publication, enabling
the success of the projects.

Projected GANs Converge Faster (Chapter 3) Axel Sauer (AS) conceived the initial
idea of utilizing pretrained representations for GAN training and led the entire project.
Kashyap Chitta (KC) contributed to baseline implementation, figure creation, manuscript
drafting, proofreading, and project direction discussions. Jens Miiller (JM) also contributed
to the baseline implementation, figure creation, manuscript drafting, proofreading, and
project direction. Andreas Geiger (AG) participated in manuscript writing, proofreading,
figure creation, and project direction discussions.

StyleGAN-XL: Scaling StyleGAN to Large Diverse Datasets (Chapter 4) The concept
of scaling StyleGAN to diverse datasets originated from discussions between AS and Katja
Schwarz (KS). AS led the project, overseeing all aspects. KS contributed to experimental
evaluation, figure creation, manuscript drafting, proofreading, and project direction dis-
cussions. AG participated in manuscript writing, proofreading, figure creation, and project
direction discussions.

StyleGAN-T: Unlocking the Power of GANs for Fast Large-Scale Text-to-Image Syn-
thesis (Chapter 5) The concept of training StyleGAN for large-scale text-to-image syn-
thesis was jointly conceived by AS, Tero Karras (TK), and Timo Aila (TA). AS led
the entire project. TK, TA, AG, and Samuli Laine (SL) collaborated on figure creation,
manuscript drafting, proofreading, and project direction discussions.
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